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Abstract
LEONARDO FABIO MORALES ZURITA: Obesity and Health-Related
Decisions: an Empirical Model of Weight Status for Young Adults in the US.
(Under the direction of David Guilkey.)
Obesity is widely accepted as one of the main causes of premature death, and the causal
relationship between obesity and several of the most deadly chronic diseases is a consensus
in the medical and public health literature. Obesity in the United States has recently been
recognized as a public health concern and a social problem because the rise in the obesity
prevalence rate has been stunning over the past three decades. Using AddHealth, a longitudinal
study of teenagers and young adults in the United States, I estimate a comprehensive dynamic
model of obesity determination that assumes as endogenous several factors mentioned in the
literature as obesity determinants: physical activity, smoking, a proxy for food consumption,
and childbearing. Two additional endogenous decisions included in the model are career-
related decisions and residential location decisions. The first is included because it determines
the intensity, in terms of energy expenditure, of individuals’ daily main activities. The second
is included because it determines the built environments in which individuals live. I specify
reduced form equations for all these endogenous demand decisions, together with an obesity
structural equation. The whole system of equations is jointly estimated by full information
maximum likelihood methods. The errors in all equations are assumed to be correlated with
each other in the estimation. I use the discrete factor random effects estimation method to
model this unobserved heterogeneity. Using the empirical model to study the mechanisms
behind the determination of obesity, I am able to quantify the effect on the probability of
obesity of several individual decisions after controlling for the endogenous nature of those
decisions. This research provides evidence of important effects of physical activity on the
reduction in the probability of obesity for young men and women. In addition, I found evidence
of a small but significant negative effect of the availability of a set of neighborhood amenities on
the probability of male and female obesity. This is an important contribution of this research
iii
to the literature, because these results are obtained within a framework in which the residential
location of individuals is explicitly modeled as an endogenous decision.
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Chapter 1
Introduction
In recent years economists, especially in the field of health economics, have shown an increased
interest in health outcomes associated with the weight status of individuals. This growth of
interest is not surprising because obesity has been strongly related in the medical and public
health literature to chronic diseases such as diabetes type II, heart disease, and hypertension
(Mokdad et al., 2001; Must et al., 1999). In addition, the prevalence of obesity has risen to
such a degree in developed countries that it is now considered an epidemic. For the United
States, in 2008 the prevalence rate of obesity was 32.2% among adult men and 35.5% among
adult women (Flegal et al., 2010). These rates imply a dramatic increase in the last three
decades when compared with the prevalence of 12.7% for men and 17% for women measured
in the late 1970s (Eid et al., 2008).
There is an ongoing debate about the factors that cause obesity and that have contributed
to the remarkably high obesity prevalence in the U.S. Several studies in the literature on
obesity have focused on the effect that relative prices of calories and physical activity have
on the determination of weight status. More in line with the purposes of this research are
the efforts that have been made to find causal links between individual choices and obesity
measures. The obesity causal factors usually taken into account in the literature are smoking,
physical activity, diet, and similar individual lifestyle descriptors. Some of these papers have
noted that individual choices usually associated with obesity are endogenous (Rashad, 2006;
Ng et al., 2010). Another factor that has been explored in research about the determinants of
obesity is the environment in which individuals perform their daily activities. Recent literature
in epidemiology, urban economics, and planning has focused on the role of built environments
in increasing energy consumption and decreasing energy expenditure (Papas, 2007). In other
words, neighborhoods may affect the demand for exercise and diet, and thereby have an impact
on obesity.
In this dissertation I propose a theoretical and empirical framework for modeling weight
status and additional endogenous individual behaviors that may play important roles in the
determination of an individual’s weight. Within this framework, the probability of being
obese is the result of endogenous choices, exogenous factors, and an unobserved heterogeneity
component. Econometrically, the estimation strategy used here consists of the specification of
a system of equations that include weight status and the set of endogenous choices. The entire
system is jointly estimated by full information maximum likelihood methods. The estimation
technique also incorporates unobserved heterogeneity that is correlated across the equations
by using a semi-parametric method that does not require assumptions about its distribution.
In addition to taking into account lifestyle choices (smoking, physical activity, etc.) that
have been linked to obesity in the literature, this research also incorporates two major deci-
sions in individuals’ lives: career-related decisions and residential-location decisions. Inclusion
of these choices is an important extension of obesity models for two reasons. One is that
individual energy expenditure levels depend greatly upon the kind of career path a person
decides to follow, because there are different levels of physical activity for different jobs, differ-
ent resources for healthier lifestyles in different professions, etc. The second is that residence
location decisions determine the characteristics and resources of neighborhoods in which indi-
viduals live. These characteristics and resources may encourage individuals to increase their
energy expenditure levels by engaging in physical activity. By modeling the residential location
decision, I am able to control for the potential endogeneity of neighborhood characteristics in
the decision to perform any sort of physical activity. This is one of the most important con-
tributions of this research to the literature. Modelling residential decisions is crucial because
the effect of neighborhood characteristics on obesity will be biased if researchers ignore the
fact that individuals self-select themselves into their neighborhoods. This research is a step
forward in this direction because, up to this author’s knowledge, there have been no attempts
to model residential location decisions in studies of obesity.
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Using the estimated model, I measure the contribution of several endogenous factors to
the probability of an individual being obese. Another special feature of this model is that it
allows me to test the hypothesis that different neighborhood amenities have different impacts
on individuals’ endogenous lifestyle decisions, such as the performance of physical activity.
Therefore, this research may contribute to the recent debate about the influence of built
environments on the propensity to become obese. Several findings of a causal relationship
with regard to this hypothesis have been criticized for assuming that environmental factors are
exogenous. Critics are motivated by the facts that 1) the environment is usually represented by
neighborhood characteristics and 2) these characteristics are endogenous, because residential
selection is an individual’s choice.
Although the existence of an obesity epidemic in the United States is well established, the
kind of public policy that would be effective in dealing with the problem remains unclear.
The present research contributes to this debate by proposing a comprehensive model of obe-
sity determination. This model allows exploration of the contribution of several endogenous
decisions on the probability of being obese in a framework that controls for the endogeneity
of these choices. With the estimated model I perform some experiments that allow us to see
what the evolution of the obesity prevalence rate would have been if individuals had decided to
have healthier lifestyles. In addition, I test a set of neighborhood amenities to see if they have
any significant impact upon encouraging healthy behaviors, and the effect of this influence on
obesity prevalence.
I find evidence of a significant reduction in the obesity prevalence rate for adult females and
males derived from a hypothetical situation in which they perform intense physical activity
when they are high school students. I also found evidence that a generalized, continuous
practice of intense physical activity would produce big falls in the adult obesity prevalence
rate. In addition, using the model estimation results, I test if a set of neighborhood amenities
has any significant impact upon the encouragement of physical activity. After controlling for
the endogeneity of neighborhood amenities, I find that most neighborhood amenities are not
significant in terms of encouraging residents’ physical activity. Nevertheless, an increase in
one standard deviation in the availability of a set of physical-activity-related amenities would
3
produce a significant reduction of one percentage point in the adult obesity prevalence rate.
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Chapter 2
Background Literature
There is an increasing amount of literature about obesity in several disciplines of the social
sciences; the recent interest in this topic has two main explanations. First, it is one of the most
important public policy concerns in the US nowadays; according with the Center for Disease
Control, it is the second leading cause for premature death, after smoking (Mokdad, Marks,
Stroup, and Gerberding, 2000). The amount of resources spent every year in medical care to
obesity and its consequences is high and has been increasing with the obesity prevalence rate
(Wolf and Colditz, 1998; USDHHS, 2001; Bhattacharya and Sood, 2006; Folmann et al, 2006).
The second reason is that the growth of obesity in the US during the last three decades was
surprisingly high. Between 1960 and 1980 obesity prevalence rates in US were relatively stable
(Rashad and Grossman, 2004), but after 1980 the prevalence rates more than doubled their
original levels. Explaining this accelerated growth of obesity prevalence is a real puzzle and
a very interesting question for many social scientists. In order to solve this puzzle, standard
tools from economics could be very useful. This issue has opened a recent research interest
that could be grouped under the terminology of ”economics of obesity”.
From an economic perspective, many elements could have contributed to the sharp growth
in obesity. Recent literature has focused on the role that changes in relative price and cost
of food may play. One of the first papers to formally state a hypothesis and prove some
of its implications was Cutler et al. (2003), in which aggregate data was used to conclude
that the recent obesity epidemic is explained by a reduction in the time cost of household
meal production (as a result of this reduction, there has been an increase in the quantity
and variety of food consumed). The technological change that characterizes post-industrial
societies is another factor associated in the literature with the high obesity prevalence observed
in recent decades (Lakdawalla & Philipson, 2002; Philipson & Posner, 1999). An example of
this branch of the literature is Lakdalla, Philipson, and Bhattacharya’s (2005) hypothesis that
technological change has simultaneously lowered the cost per calorie and raised the cost of
physical activity by making agricultural production more efficient and jobs more sedentary
(Lakdalla et al., 2005). The contribution of technological change to obesity was also portrayed
in Lakdawalla and Philipson (2002), a paper that presented evidence of the existence of an
inverse relationship between Body Mass Index (BMI) and job strenuousness.
A recent series of papers has extended this research line by exploring the determinants
of obesity and BMI as health outcomes derived from individual characteristics and choices.
Usually these choices are variables that describe aspects of an individual’s lifestyle (French et
al., 2010, Grossman & Saffer 2004; Rashad 2006; Ng et al., 2012). In general terms, all of these
papers specified obesity or BMI equations using micro-data. Therefore, in this sub-branch of
the literature one could make the distinction between papers that control or do not control
for potential endogeneity bias. Grossman and Saffer (2004), for example, did not address any
possible endogeneity issue in regard to the elements they used as explanatory variables. Rather
than specific individuals’ decisions, the variables they included in their BMI equations were
prices and contextual variables that could be exogenous to some extent.
Other papers, such as Rashad (2006), French et al.(2010) and Ng et al. (2012) have
specified the weight status equation in terms of individual decisions; in doing so, they assumed
those decisions are endogenous and therefore implemented an empirical strategy to correct for
the endogeneity bias. In the case of Rashad 2006, the author controlled for the endogeneity
of smoking, calorie intake, and physical activity by using instrumental variables estimation
methods. French et al. (2010) took advantage of the longitudinal nature of their data and
used fixed effect panel methods to get rid of time-invariant unobserved heterogeneity that
could be correlated with the variables of interest. Ng et al. (2012) estimated a dynamic
model of weight using longitudinal data from China. To control for the endogeneity of the
individual choices included in the model (i.e., smoking, drinking, physical activity, and diet),
they estimated a dynamic GMM system, using as instruments spatially varying macro-level
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factors such as urbanicity and prices.
Another branch of the literature has sought to identify the links between high levels of
obesity prevalence and characteristics of the environments in which individuals live. The main
hypothesis of the papers in this branch is that built environments may encourage individuals’
physical activity and thereby have an impact on obesity. One variable that has caught the
attention of many researchers is ”urban sprawl,” usually defined as the expansion of cities and
their suburbs to rural areas. Researchers from numerous disciplines have tested the hypoth-
esis of a significant relationship among urban sprawl, physical activity, and obesity (Ewing,
Schmid, Killingsworth, Zlot, & Raudenbush, 2003; Giles-Corti, Macintyre, Clarkson, Pikora,
& Donovan, 2003; Glaeser & Kahn, 2004; Lathey, Guhathakurta, & Aggarwal, 2009; Saelens,
Sallis, Black, & Chen 2003). Other researchers have used wider measures of built environment
beyond urban sprawl.
The built environment can be understood as a major component of community design; as
such it is comprised of aspects such as buildings, transportation systems, parks, and greenways
(Boone-Heinonen et al., 2009). Several papers have sought to measure the relationship between
weight or energy expenditure measures and neighborhood density of physical-activity-related
facilities (Boone-Heinonen & Gordon-Larsen, 2009; Gordon-Larsen, Nelson, Page, & Popkin,
2006). These works have stated a clear hypothesis, namely that neighborhood amenities and
characteristics can improve the health of the population by encouraging positive health habits
in the community.
Some of the papers mentioned in the previous paragraph noted the importance of con-
trolling for the endogeneity of neighborhood characteristics. Given the ability of households
to choose a neighborhood that matches their interest in health issues, this variable should be
treated as endogenous. In other words, the tendency of healthy people to look for healthy
neighborhoods to live in can be interpreted as a self-selection process. The usual strategy
of some researchers for controlling for the endogeneity of neighborhood characteristics is to
perform some kind of fixed effects estimation method (Boone-Heinonen et al., 2010; Eid et al.,
2008). A good example of papers based on fixed effects methodologies is Eid et al. (2008);
they controlled for the endogeneity of neighborhood characteristics by using a first-difference
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estimator. Their results rejected the hypothesis of a significant relationship between urban
sprawl and obesity. For a very comprehensive review of the evolution of this literature, the
reader may refer to Boone-Heinonen et al. (2009).
The present research shares the common conception of several of the papers mentioned
above, the idea that weight status can be modeled as a health production function that is
determined by individual characteristics and choices. Some papers in the literature on obesity
have focused on identifying the effect of lifestyle choices on weight status, whereas others have
focused on identifying the effects of neighborhood characteristics (which are determined by the
residential location decision) on weight status. In the present research, I propose a comprehen-
sive, dynamic model in which weight status appears as the combined result of lifestyle choices
and recognizes that neighborhood amenities help determine the levels of physical activity that
individuals decide to perform. Therefore, this dissertation can be seen as a bridge between
these two types of obesity research. I control for the endogeneity of these choices by estimating
the model jointly and by allowing errors to be correlated across equations. One of the choices
that the individual is allowed to make in this model is the residential location decision. By
explicitly modeling residential decisions I can control for the endogeneity of the neighborhood
characteristics that are directly derived from it. The methodology itself is another contribution
of the present research to the literature on obesity because in almost all cases, endogeneity
issues have been controlled using instrumental variables or fixed effects models. These ap-
proaches have some limitations, such as the inability to account for time-varying unobserved
heterogeneity that is correlated across equations.
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Chapter 3
Data
The main source of information used in this study is The National Study of Adolescent Health
(AddHealth). One of the main characteristics of this study is its comprehensive contextual
information on the characteristics of the neighborhoods in which the respondents live. Be-
cause neighborhood characteristics are important in the present research, a subsection below
is devoted to explaining the contextual information available in AddHealth and the definition
of neighborhood used herein. A general explanation of the AddHealth study dataset is also
provided.
3.1 The AddHealth Study
The National Study of Adolescent Health (AddHealth) is a longitudinal survey that began
with a nationally representative sample of high school students in grades 7 to 12 during the
1994 and 1995 school years. Respondents were followed after the first wave of data collection
and were interviewed three additional times. AddHealth explores adolescents’ health-related
behaviors and keeps track of them into young adulthood. Something unique about AddHealth,
and very crucial for the present study, is that it contains very good information on the activities
that respondents perform during their ”active” leisure time. This information is important
because the relationship between weight status and physical activity is where policy variables
of interest may demonstrate influence. Other special features of AddHealth include its great
diversity in terms of ethnic backgrounds (4,400 African Americans, 3,400 Hispanics, 1,500
Asians). In addition, it includes special oversamples of important populations such as sibling
pairs and African-Americans with college-educated parents, as well as Cubans, Puerto Ricans,
and Chinese. These special oversamples were also very important for the present study because
they made it easier to identify and measure the existence of racial and ethnic health disparities..
The first wave (Wave I) of AddHealth, collected in 1995, consisted of 20,745 high school
students in grades 7 through 12. The second wave (Wave II), collected in 1996, included 14,738
of the original Wave I respondents. The third wave (Wave III), collected in 2001, included
15,197 original Wave I respondents, most between 18 and 26 years of age. The last wave (Wave
IV), collected in 2007, included 17,000 original Wave I participants between 24 and 32 years
of age.
3.2 Contextual Information and Neighborhood Characteristics
A very important feature of AddHealth is the outstanding amount of contextual information it
contains. This information describes a comprehensive set of characteristics of the environments
in which AddHealth respondents live and is available for small areas, something that is not
very common in public versions of longitudinal studies. Many variables are available at the
Census tract level, and some are generated for even smaller geographical areas. An important
subset of contextual variables, some of which are used in this dissertation, was generated to
describe characteristics of an area equivalent to a buffer, with a specific radius whose center is
the respondent’s household (usually such buffers are defined with radii of 1, 3, 5, and 8 km).
Because many of the contextual variables used in the present research as explanatory vari-
ables have been generated at the census tract level, these areas are treated herein as one of the
definitions for the individual’s neighborhood. The following definition of census tract comes
from the United States Census Bureau: ”Census tracts are small, statistical subdivisions of
a county. Census tracts usually have between 2,500 and 8,000 persons and, when first delin-
eated, are designed to be homogeneous with respect to population characteristics, economic
status, and living conditions. Census tract boundaries are delineated with the intention of
being maintained over a long time so that statistical comparisons can be made from census to
census1”. Some other contextual variables used in the present study were generated using the
1This is a fragment of the official definition of a Census Tract offered in the Census Bureau Website
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previously described buffer principle (the variables used as explanatory variables were gener-
ated for a radius of 5 km); therefore, the other neighborhood definition used here is a 5-km.
buffer area with its center at the respondent’s residential location.
In this research I am able to know the location of each responder through all the study.
Therefore, I can know a set of characteristics of the neighborhoods where responders are
located. Although contextual information is available for all waves of the AddHealth study,
some variables are not available for all responders in the estimation samples in all waves. In
order to be able to use the contextual information despite this missing values problem, I have
performed imputations for some contextual variables. Details about these imputations, sources
of the contextual data, and a general description of the variables in the estimation sample are
provided in the data appendix.
www.census.gov/geo/www/cen tract
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Chapter 4
Theoretical Motivation
The purpose of this section is twofold. The first subsection provides a static model in which the
individual is allowed to make a set of decisions (e.g., choice of residence, education, smoking,
physical activity, and food consumption). This simple model is useful as a way to theoretically
identify the pathways through which weight can be affected by the set of choices that will be
included in the empirical model. The second subsection outlines a dynamic framework that
not only allows for the motivation of a potential specification for the empirical equations but
also gives a theoretical justification for the sources of identification. In addition, the framework
proposed in the second subsection is useful for studying the dynamics of weight status as a
health outcome in a setting similar to the one proposed by Grossman (1972) in his seminal
paper.
4.1 Simple Static Model
To illustrate how some individual’s choices can determine weight status, a simple one-period
model of weight, residence, and education can be useful. Let’s assume the existence of a
perfectly competitive market for housing, which is a differentiated product that can be com-
pletely described by a vector of objectively measurable characteristics z = (z1, z2, ..., zN ); with
zi representing the amount of the characteristic i in the housing. Under standard assumptions,
Rosen (1974) showed in his seminal paper that there exists an equilibrium in which implicit
prices for each characteristic are derived (pz1 , pz2 , ..., pzN ). These implicit prices are such that
the amount of the characteristic zi demanded by households exactly matches the amount of
this characteristic supplied by the housing producers.
In this simple model I make use of this powerful principle to represent the dwelling by a
vector z =
(
~η, ~ξ
)
, where ~η is the sub-vector of characteristics for housing that are somehow
related to physical activity (e.g, urban sprawl, parks or recreation centers in the neighborhood,
pool in the yard), and ~ξ is a sub-vector that collects all other characteristics of the dwelling.
Assuming a hedonic equilibrium a` la Rosen, the price of dwelling can be decomposed by a price
vector that collects the implicit prices of each characteristic in each subgroup pz =
(
p~η, p~ξ
)
.
The individuals are assumed to obtain utility from food consumption (f), smoking (s), their
children (n), their dwelling in terms of its amenities (η,ξ) 1, leisure (l), a generic consumption
good x, and their weight W . In addition, individuals in this model get utility from the intensity,
in terms of energy expenditure, with which they spend their leisure time (φ). The term φ can
be thought of as the whole amount of energy spent during their leisure time. In other words,
individuals may choose how physically demanding their leisure activities are going to be and
also get utility from the intensity with which they spend this time. The generic consumption
good x is assumed to have no impact at all on the individual’s weight.
Individuals have a fixed amount of time that they distribute to leisure (l), working (h),
and acquiring education (e) . Individuals cannot consume more than their income [y (e) + yo],
which is represented as a function of the individual’s education (e) plus initial wealth yo.
The possibility of credit markets is ignored. The utility function of the individual can be
represented as
U [W, f, s, n, l, φ, η, ξ, x] (4.1)
In this model weight is assumed to be a function of food consumption (f), smoking (s),
number of children (n) (for women only), and physical activity (a). All of these factors are
under individual control and they have an impact on weight through biological process. The
existence of relationships between weight and food consumption, and between weight and
physical activity, is obvious. Smoking has been widely proven to have a negative impact
1For simplicity in the notation η,ξ are scalar indexes that completely describe the whole variation in the
vectors ~η, and ~ξ respectively.
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on an individual’s weight (Grunberg & Klein 1998, Flegal et al., 1995; Gerace et al. 1991;
Green & Harari 1995; Mizoue et al., 1998; O’Hara et al., 1998). For women who have given
birth, obesity may be due to weight retention after delivery. Several papers in the medical
and epidemiological literature support this hypothesis, at least for some specific populations
(Gunderson Abrams, 2000; Keppel & Taffel 1993; Ohlin & Rossner, 1990; Parker & Abrams,
1993; Rossner & Ohlin, 1995).
Physical activity, which plays a very important role in this model, is assumed to be a
function of the time the individual spends in leisure (l) and working (h). The time spent
in each activity is multiplied by efficiency parameters φ and θ respectively, which represent
how demanding the activity in terms of physical effort is. Therefore, physical activity can be
thought of as a measure of energy spent during the whole time with which the individual is
endowed2.
W = W (f, a, s, n) (4.2)
a = θ (η, e)h+ φl (4.3)
As previously explained, the parameter (φ) is an individual choice of leisure time energy
expenditure. As such, it has a price as any other consumption good does; it can be thought
as a measure of energy expenditure per unit of time. This measurement offers a way to model
the fact that individuals can perform different activities during their leisure time, that they
know perfectly what the price of each one of those activities is, and that they know what their
requirements are in terms of physical activity. The efficiency parameter (θ) is assumed to be a
function of neighborhood amenities (η) and education (e) . The intuition for this specification
is that different careers imply different levels of energy expenditure. Education determines
the occupations at which an individual can work; each one of those occupations represents a
different level of energy expenditure. Neighborhood amenities can affect the levels of energy
expenditure in labor activities, however, especially through the use of different transportation
2It is assumed that the time individuals spend acquiring education has no significant effect in terms of their
energy expenditure.
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alternatives. For example, depending upon the neighborhood, individuals can take public
transportation or bicycle to work.
The optimization problem that an individual solves is the maximization of equation 4.1
subject to 4.2 ,4.3 and the following 3 budget and time restrictions 4.4 and 4.5:
x+ pf .f + ps.s+ pn.n+ pξ.ξ + pη.η + [pφ − c (η) τ ] .φ = y (e) + yo (4.4)
l + h+ e = T¯ (4.5)
where [pf , ps, pn, pξ, pη, pφ] represent prices for each of the consumption goods. The final
cost of leisure energy expenditure (φ) depends of its price per unit pφ, (which could be thought
as the average price per calorie burned in market energy expenditure activities) and a negative
cost function c (η) . This function represents the amount of the cost per calorie burned that can
be avoided by substituting market energy expenditure activities for neighborhood amenities.
For example, instead of using the treadmill in a conventional gym, individuals can run in the
community park. Individuals in this model might also decide how much of this cost reduction
they are willing to take advantage of; in other words, conditionally upon the amenities of their
neighborhood, they could decide how much market leisure energy expenditure they want to
substitute. The parameter τ ∈ [0, 1] could also be an individual decision; if the individual is
willing to take advantage of all the amenities that her neighborhood offers, then τ will be close
to one and she will get a great reduction in the final cost per calorie burned. If the individual
does not want to take any advantage of her neighborhood amenities, then τ will be close to
zero, and there will not be any reduction in the cost per calorie burned. For simplicity in the
subsequent analysis it is assumed that τ = 1.
Based on this simple model, one can explore from a theoretical point of view the nature
of the relationships between individuals’ consumption decisions and their weight. From the
3The price of the generic consumption good is normalized to 1 for convenience in the notation, all other
prices and income are relative to the price of x.
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specification of the equations above one can see that some choices (e.g., smoking, food con-
sumption, and family size) would directly affect the biological processes that determine an
individual’s weight status. Some other choices (e.g., education and leisure energy expenditure)
would indirectly affect such biological processes by modifying an individual’s levels of physical
activity. Finally, the choice of neighborhood amenities would modify the final cost of each level
of leisure energy expenditure, and in this way would affect the weight status by altering the
rational levels of leisure energy expenditure chosen at these new prices. From the individual’s
optimization problem I am able obtain conditions that are informative about the endogenous
nature of individual consumption choices. From the optimization conditions presented below,
it is clear that when the individual rationally decides her consumption, there is a set of consid-
erations that she will have to take into account. These considerations are directly or indirectly
related to the determination of weight status. Some of these optimization conditions can be
seen in the following equations.
Ux =
(
1
pf
)
[Uf + UWWf ] (4.6)
=
(
1
ps
)
[Us + UWWs] (4.7)
=
(
1
pn
)
[Un + UWWn] (4.8)
=
(
− 1
y′ (e)h
)
[−Ul + UWWa (−φ+ θe.h)] (4.9)
=
(
− 1
y (e)
)
[−Ul + UWWa (θ − φ)] (4.10)
=
(
1
pη − φc′ (η) τ
)
[Uη + UWWaθηh] (4.11)
=
(
1
pφ − c (η) τ
)
[Uφ + UWWal] (4.12)
=
(
1
ps
)
[Uξ] (4.13)
In the previous equations, Λr denotes
∂Λ
∂r , with Λ = {U (.) , d (.) ,W (.) , a (.) , θ (.)}. This set of
equations is based on the simple principle that individuals optimize their consumption when
the marginal rate of substitution between two goods is equal to their relative prices. In this
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case I use the marginal rate of substitution between the generic consumption good (x) and any
other good. These equations describe the fact that the individual’s optimal behavior requires
that the marginal utility derived from the consumption of one good, multiplied by the relative
price ratio with respect to px, is equal to the marginal utility derived from the consumption
of any other good (multiplied by the price ratio, with px normalized to 1).
Particularly, equations 4.6–4.8 define optimality conditions for the consumption of food
(4.6), cigarettes (4.7), and children (4.8). From these equations one can see that the marginal
utility from the consumption of these goods is composed of a pure physic-utility term and
another term that always involves the partial derivative of utility with respect to W ; I refer to
this term as a “weight effect.” The psychic-utility is the utility that people get directly from
the consumption of a good; as such it excludes any other possible indirect effect through some
other component of the utility function. The weight effect is a concept used in this dissertation
to describe the indirect marginal effect that the consumption of some good has on the utility
that an individual gets from his weight. From these first three conditions one can see that
when individuals decide to engage in consumption of some goods, they will consider not only
the direct utility they get from this consumption but also the ultimate implications that this
consumption has on their weight, weighted by the marginal utility of an additional pound.
For example, people smoke because they like cigarettes, but also because they may like the
effect that smoking has on their weight. This dual attraction implies the existence of a reverse
causality that will be a source of endogeneity. Smoking has an impact on weight, but at the
same time, unobservables driving the preferences about W make individuals prone to smoking.
In the remaining conditions (4.9–4.13) a similar interpretation applies: the weight effect
may play an important role when individuals are making optimal choices about education,
labor supply, neighborhood amenities (physical-activity-related), and leisure energy expendi-
ture. In the case of education, for example (4.9), the second term inside the brackets describes
two effects related to weight. The first is the effect of foregone leisure that could have implied
increments in physical activity and thereby in weight changes. The second is the effect of
education on the efficiency parameter θ. This second effect is mainly driven by the term θe,
which describes the change in energy expenditures per amount of time dedicated to work when
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education is marginally increased. When individuals in this simple model make choices about
education, they have already taken into account that energy expenditure levels vary across the
activities and occupations they will perform, given the education they decide to acquire.
In the case of amenities (η) (4.11), this choice will have an indirect weight effect through the
changes in the efficiency parameter θ, which determines energy expenditure in labor activities
(through local transportation facilities, for example). In addition, the choice of (η) will modify
the relative prices in equation (4.12); in other words, it will modify the ultimate cost of
leisure energy expenditure, which in turn implies changes in physical activity and weight. To
summarize, conditions 4.6–4.13 reveal a reverse causality between obesity and factors that
intuitively may explain it. When people decide in favor of the consumption of some good that
can be associated as a causal factor of obesity, the optimal consumption of that good is partly
explained by the preferences that individuals have about their weight.
4.2 Dynamic Framework
The following dynamic framework reflects the intuition behind the one-period model; in order
to avoid non-essential over-parameterization, however, some simplifications are implemented.
This framework is more adequate for introducing the empirical model because individuals
in AddHealth are observed several times during a relatively long period of their lives. In
this section of this dissertation, the idea of education as a choice variable is extended to
more general career-related decisions. The AddHealth respondents are undergoing major life
transitions and a significant number are in college, leaving college, working, in vocational
schools, finishing high school, in the military, and even in prison. In order to take advantage of
that information, career decisions instead of educational choices are considered here. Within
this dynamic framework, individuals are allowed to make choices about their careers and
residential locations; similarly, they make decisions about food consumption, fertility, and
smoking; and they decide the intensity of physical activity during leisure time. Finally, as
a result of all these choices and the relationships among them, the weight of the individual
is produced as a health outcome. The timing assumed for this decision process is explained
below.
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An important feature of this model is its dynamic nature, the model is dynamic in the sense
that previous behaviors influence current decisions. This feature of the model is important
in the theoretical framework and in the empirical model. The theoretical justification for
this comes from the traditional theory of rational addiction (Becker and Murphy, 1988). The
theory of rational addiction suggest that utility of an addictive good is influenced by previous
consumption behavior. The rational addiction framework have been traditionally used to
model risky behaviors as smoking (Gilleskie and Strumpf, 2005; Chaloupka, 1991; Labeaga,
1999), but it can be extended to more general demand decision in which state dependence may
play a role. In this research state dependence is understood as the situation in which previous
consumption of a specific good has a significant impact in its current consumption (Gilleskie
and Strumpf, 2005).
Timing Assumptions
Timing assumptions will play an important role in the specification of the empirical model.
These assumptions are summarized in the figure below. The information with which an in-
dividual enters at period t is stacked in the vector Ωt = [Wt, φt−1, nt−1, Nt, st−1, ft−1]. This
information includes the weight at the end of the previous period (or beginning of the current
one) Wt, the intensity of physical activity in the previous period φt−1, the fertility decision
from the previous period nt−1 and the family size at the end of previous period Nt, as well as
the food consumption ft−1 and the smoking indicator st−1 from the previous period. After con-
sidering this information, individuals simultaneously make the first two decisions in the period.
The career related decision cit and the residential decision, which is represented by the charac-
teristics of the dwelling - including neighborhood amenities - Rit ≡ [ηit, ξit]. Next, individuals
make the following four simultaneous endogenous choices for the current period: food con-
sumption fit, number of children in this period nit, the smoking decision sit, and the intensity
of their physical activity in the current period φit. The weight at the end of the period Wt+1,
is determined by the weight at the beginning of the period Wt, and the endogenous choices
made within the period. Based on behaviors during period t, the vector of state variables Ωt,
evolve to the next period Ωt+1 = [Wt+1, φt, nt, Nt+1, st, ft] . An implicit consideration in this
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Timing Assumptions
time framework is important for identification purposes, namely that shock prices that affect
the choices of [nit, sit, φit, fit] in the second intra-period stage occur after the first intra-period
stage choices are made. Therefore, individuals learn about these shocks after they have made
the residential location and career-related decisions. These shock prices at the beginning of
the second intra-period stage could be interpreted as new information that appears between
intra-period stages. The intuition for this assumption is that career-related and residential
choices are two major decisions in the individual’s life. Depending upon their decisions about
career and residence, individuals will end up in locatios with different distributions for prices.
These shock prices are stacked in the vector Ψt = [pηt , pst , pφt , pft ] .
Theoretical Framework
Individuals derive utility from leisure time energy expenditure (φit), smoking (sit), food
(fit), newborns (nit), total family size (Nit), dwelling characteristics (including neighborhood
amenities) [ηit, ξit], leisure (lit), and the composite consumption good (xit). Individuals also
get utility from their weight (Wit), which they cannot decide but can control by making the
set of choices described above. The utility function also depends upon individual exogenous
characteristics Xit, and an unobserved component uit that can be thought as a standard
preferences shock. The utility function of the individual i in the period t can by represented
as
Uit = U [Wit, fit, sit, nit, Nit, lit, φit, ξit, ηit, xit, uit;Xit] (4.14)
To avoid unnecessary complications, in this model I collapse education decisions, and la-
bor supply decisions. All that information is contained in the career-related choices that an
individual makes throughout her life. Human capital in this framework
(
Hkit
)
is the experience
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and education accumulated in a specific career k ∈ {1, 2, ...,K}. The accumulation of human
capital depends on current and previous career decisions (cit, cit−1, ..., cio) and its evolution is
explained later. Individuals may accumulate human capital in several careers; their income
will depend on the amount of human capital accumulated in each one of them.
Career-related decisions also determine the individual’s time allocation. Individuals in this
framework decide their careers, and each career has its own time requirements in terms of labor
supply (hit) and school attendance time (eit). In other words, the individual’s time allocation
is modeled as the result of the career decision rather than a choice by itself. This way of
modeling individuals’ decisions (time allocation and human capital investment) is convenient
for the purposes of this study because different careers can easily be associated with different
levels of energy expenditure. The time constraint will be represented as:
T = lit + hit
(
ckit
)
+ eit
(
ckit
)
(4.15)
Before deciding their career-related choice (cit) and residential location (ηit, ξit), individuals
observe the information available at the beginning of the period, which includes the values of
previous choices and the previous realization of the health outcome. After these first two major
decisions are made, individuals learn the characteristics of their residential location, and their
career choice, and they observe the price shocks. Then they make the remaining decisions
(sit, nit, φit, fit). At the end of the period, and as a result of the influence of all the endogenous
choices, the health outcome - weight status - Wit+1 is produced. In short, during each period
the individual makes residential, career-related, leisure energy expenditure, smoking, fertility,
and food consumption decisions. For convenience in the notation, the choice variables in
each period {sit, nit, φit, fit, ηit, ξit, cit} are grouped into two vectors. One represents lifestyle
decisions lit = [sit, nit, φit, fit] , and the other represents major individual decisions mit =
[ηit, ξit, cit] .
The total number of children at the end of the period is determined by the fertility decision
during the current period (nit) plus the total number of children accumulated from the previous
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period; this process is described by Equation 4.16. As previously mentioned, human capital is
modeled in this study as the accumulation of education and experience in a specific career; it
is determined by the current career decision ckit, and the amount of human capital accumulated
until to the previous period in the same career k. This human capital accumulation process
is described in Equation 4.17. The function ϕ (.) maps the current career decision into human
capital; for the purposes of this study, the specific unit of measure does not matter. Finally,
the weight at the end of the current period is the result of a biological process of energy
intake and energy expenditure, in which additional physiological factors play a role. This
process can be represented by Equation 4.18, which represents the process of individuals’
weight determination, which in turn depends upon an individual’s weight in the previous
period plus a series of inputs that represent individual choices. In other words, Equation 4.18
represents the final effects on the individual’s weight of the following factors: energy intake,
energy expenditure, and physiological alterations derived from individual choices. Number of
childbirths during the period is considered in this model as a weight determinant exclusively
for women; the intuition behind its inclusion is based on the hypothesis of weight retention
mentioned in the previous section.
Nit+1 = Nit + nit (4.16)
Hkit+1 = H
k
it + ϕ
(
ckit
)
∀ k = 1, ....K (4.17)
Wit+1 = W (Wit, ait, sit, nit, fit) (4.18)
The total amount of physical activity per period (ait), as in the static model, is a measure
of energy spent during the whole period. In this framework it is assumed to be a function
of the environment in terms of neighborhood amenities, career-related choice, leisure energy
expenditure levels, and the time allocation. These arguments are the same primitive factors
that explain the energy expenditure in the static case. Therefore, the physical activity that
an individual undertakes in period t can be represented as:
ait = a [ηit, cit, φit, lit, hit] (4.19)
22
The individuals in this theoretical framework solve a dynamic optimization problem subject
to all previous equations and constraints, plus one additional budget constraint. The total
income is a function of the labor supply implied by the career decision ckit multiplied by an
income function y (.) , which depends on the total human capital accumulated in the same
career k and a basic level of human capital Ho. This basic level of human capital is a threshold
that can be obtained from the accumulation of human capital in any career. The budget
constrain can be represented as
pxxit + pffit + pssit + pnnit + pξξit + pηηit + [pφ − c (ηit)]φ = y
(
Hkit, Ho
)
hit(c
k
it)
∀ k = 1, 2, ...,K (4.20)
Where Ho =
 1 if
∑
kH
k
it > H¯
0 if
∑
kH
k
it < H¯
Additional characteristics of the budget constraint are the same as in the static model (for
further explanation, please refer to the previous section). At any period t, the objective of the
individual in this model is maximize the expected present discounted value of the remaining
lifetime utility.
Et
[
T∑
τ=t
β(τ−t)U (Wit, fit, sit, nit, Nit, lit, φit, ξit, ηit, xituit;Xit)
]
(4.21)
subject to (4.15 and 4.20)
Where β represents the discount factor. A sequential representation of this lifetime discounted
utility optimization problem can be made using a Bellman equation for any combination of
choices [φit, τit, sit, nit, ηit, ξit, xit] with the following value function:
Vl,m (Xt,Ωit, uit,Ψt) = U (Wit, fit, sit, nit, Nit, lit, φit, ξit, ηit, xit, uit;Xit) (4.22)
+ β.E [V (Xit+1,Ωit+1, uit+1,Ψt+1)]
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where,
V (Xit+1,Ωit+1, uit+1,Ψt+1) = max
l,m
{Vl,m (Xit+1,Ωit+1, uit+1,Ψt+1)}
The expectation in Equation 4.22 is taken over the distribution of the random components
that determine individual choices (in this case, the price shocks and the preference shocks).
Demand functions for the choice variables result from the solution to this optimization problem.
Substituting these demand functions into the health production function yields an expression
for the weight status function. Approximations for all these equations are estimated in the
empirical model.
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Chapter 5
Empirical Model
The coefficients of the health production function will be inconsistently estimated using stan-
dard methods such as OLS or an independent discrete outcome model. The weight outcome
is a function of the individual’s choice variables, and the endogeneity of these choices should
be taken into account in the estimation. Variables such as smoking, number of children, and
physical activity are endogenous because they are choice variables such that their optimal
consumption depends on the final indirect effect that they have on the individual’s weight sta-
tus; furthermore, unobservables explaining each one of these behaviors may be correlated each
other. In addition, neighborhood amenities are endogenous to the physical activity decision
because individuals may choose their place of residence as a response to these amenities as well
as their potential effect on their health (i.e., healthy people look for healthy neighborhoods).
This is presented as a standard selection problem. Another issue that must be considered
is that AddHealth respondents are undergoing major life transitions. These transitions com-
plicate the estimation because career-related decisions should be included as an important
element, but this choice is also endogenous as discussed in section four.
The timing scheme described in figure 1 assumes that when individuals make decisions,
they will consider all the information available at the moment of the decision. The available
information is composed of previous choices and stated variables at the beginning of the period.
As mentioned before this is consistent with the standard framework of rational addiction. This
sequence implies that the model is dynamic and that part of the identification will be based
on this dynamic nature. In addition in the empirical model, I include individual unobserved
heterogeneity in each of the equations that is correlated across equations. This is important
for two reasons. First, it allows modeling unobserved factors (e.g., preferences) that could
be sources of endogeneity. Second, it provides a flexible way to model the correlation of
unobserved factors across equations. In order to do so, however, some restrictions must be
imposed on the distribution of the error terms; these restrictions are explained below.
5.1 Error Structure
Observed factors do not explain all variations in each of the outcomes and choices modeled in
this dissertation; unobserved characteristics may also determine each one of these behaviors,
and these unobserved characteristics may be correlated across equations. Consider, for exam-
ple, unobserved preferences about physical activity; individuals who enjoy physical activity
may participate in sports and outdoor activities, walk to work, or use public transportation.
When this type of individual makes residential decisions, she is likely to choose neighborhoods
with a set of amenities that would allow her to perform these kinds of activities. In order to
take into account these correlations, I estimate weight status, career decisions, residential deci-
sions, fertility decisions, smoking, food consumption, and physical activity jointly rather than
separately. In addition, a flexible structure is imposed in the distribution of unobservables;
this allows correlation among the different equations.
The correlations patters are modeled by decomposing the error terms of each equation into
three parts (εit, µi, υit) . First is an independent and identically distributed component which is
assumed to be a type 1 Extreme Value or normal distributed error (εit) that can be interpreted
as an idiosyncratic shock. The second and third components represent permanent (µi) and
time varying (υit) unobserved individual characteristics. I denote each one of the equations
in the system by e = {1, 2, ..., 7}, and the total error by it. This decomposition allows for
nonlinear unobserved heterogeneity components in the total error structure. More specifically,
eit = µ
e
i + υ
e
it + ε
e
it
One intuitive way of thinking about the unobserved heterogeneity parameters is the fol-
lowing: There are different types of individuals in terms of unobserved factors that researchers
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cannot observe; these include preferences and tastes, personality traits, and so forth. There is
a distribution of these types of individuals in the population, and for each type of individual
unobserved heterogeneity parameters differently affect their consumption decisions. Neverthe-
less, these unobserved heterogeneity parameters are correlated among different equations that
explain individuals’ behaviors. In order to estimate these unobserved heterogeneity parameters
and the joint distribution of the parameters in different equations, I use a semi-parametric dis-
crete factor approximation method. The Discrete Random Method is more general than other
methodologies than assume an arbitrary distribution for the unobserved heterogeneity (Heck-
man & Singer, 1984). The cumulative distribution of the unobservable factors is approximated
by a step function with a finite number of points of support, and the values and heights of the
points of support are parameters estimated simultaneously with the other parameters of the
model (Mroz, 1999; Angeles, Mroz, & Guilkey, 1998). The joint distribution of the unobserved
effects is modeled as a multivariate discrete distribution with several points of support and is
estimated jointly with all other parameters of the model. A more detailed discussion about
unobserved heterogeneity parameters estimation is provided at the end of this chapter.
5.2 Empirical Equations
5.2.1 Residential Location Decisions
Mixed Logit Specification
The first decision incorporated in the system is the place of residence at waves III and IV. In
the theoretical mode, in section (4.2), it was assumed that the individual makes her residential
location decision and career-related decisions simultaneously. In a reduced-form environment,
it is not possible to specify a multinomial logit for careers that includes the whole information
set from which the residential location decisions is made. Approximations can be made by
combining the two decisions, but to do so would heavily increase the number of parameters to
estimate; nor would such a model be easy to interpret. Therefore, in this empirical approx-
imation to the theoretical model I assume that individuals make these decisions sequentially
(i.e., first they decide their residential location and then their career).
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Location might play a role in the determination of weight status through the encourage-
ment of physical activity. At the same time, neighborhood amenities that are resultant from
residence location decisions may be endogenous variables in an equation that explains physical
activity. This is because the residence location might be partly explained by the good health
practices of respondents (e.g., as physical activity). In this dissertation the equation for resi-
dential decisions is modeled as a mixed logit, which technically is a conditional logit augmented
with non-alternative varying characteristics. The main feature of a conditional logit is that
the regressors vary across alternatives. In other words, the latent utility level for each choice
is assumed to be a function of the attributes of each alternative, as one would expect from a
residential location decision.
A very special feature of the conditional logit model is that it can allow individual specific
characteristics (not varying by alternative) that have a separate effect on the utility level of a
specific choice. This type of specification is usually called a mixed logit. In fact, the standard
multinomial logit can be expressed as a specific case of the conditional logit (Cameron &
Trivedi, 2005; Wooldridge, 2007). The specification of the residential choice as a mixed logit
is very convenient for the present research because it allows the latent utility level of the
alternatives to vary with the characteristics of the neighborhood; in addition, it allows the
inclusion of individual regressors (here, the same ones will be used in the estimation of the
choice model for career-related decisions). Under standard assumptions about the distribution
of the error terms, the probability that individual i at time t will choose the alternative k, in
the mixed logit model, can be represented as:
P (Rit = k) = Pit (k) =
exp
(
Vitk +
∑
l∈KR
ditkl.Vit
)
∑
k′∈KR exp
(
Vitk′ +
∑
l∈KR
ditk′l.Vit
) (5.1)
ditkl =
 1 if l = k0 if l 6= k , k ∈ KR, and KR = {1, 2, 3, ..., R}
where Vtk is a linear function of the alternative varying regressors, and Vit is a linear function
of the individual specific, not alternative varying, regressors. The parameter ditkl represent a
dummy variable that is equal to one when l = kr. Note that if ditkl = 0 for all l this model is a
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standard conditional logit. The original choice set KR is the total set of neighborhoods from
which the individuals in this model can choose. For the AddHealth respondents, this would
be a very large number of alternatives.
After replacing Vitk and Vit with their parametric representations, the log of the probability
ratio between location kr and location 1 for the conditional logit can be written as:
ln
[
P (Rit = k
r)
P (Rit = 1)
]
= (Zitkr − Zit1)βR +Xit
(
γRkr − γR1
)
+ Ωit(φ
R
kr − φR1 ) + µRi,kr + vRit,kr (5.2)
where
Ωit = [Wit, Ait−1, Sit−1, nit−1, fit−1]; t = 3, 4; kR ∈ {2, .., R}
The choice set of all possible alternatives turns out to be prohibitively large (over 2000
different alternatives). Because this large number of alternatives in the choice set would make
the estimation intractable, it is necessary to reduce the number of alternatives from which the
individuals are allowed to choose. In this study, I use two different techniques to deal with this
problem. The first is based on random sampling of the choice set for each individual, and the
second is based on the aggregation of alternatives by types of neighborhoods. More detailed
explanations of each method are provided in the next subsection.
The vector Zitj in Equation 5.2 collects a set of location-specific variables or amenities in
location j. In the specification, I also include individual-specific regressors similar to the ones
included in the vector of exogenous individual characteristics Xit, and previous realizations of
endogenous characteristics Ωit. The vector Ωit contains the individual’s weight status (W ),
physical activity (A), smoking decision (S), fertility decision (n), and food consumption (f),
all from the previous period. The error structure allows for time-invariant and time-varying
unobserved heterogeneity terms. Readers should note that I have specified a set of permanent
and time-varying unobserved perturbations per category; in other words, this specification
allows for unobserved heterogeneity controls (i.e., unobserved preferences shocks) per each
neighborhood in the individual’s choice set.
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Dealing with the Extremely Large Choice Set Problem The first method I use to deal
with the intractable choice set was an aggregation of the categories into different ”neighbor-
hood types.” Each type is a new aggregated category with characteristics equal to the mean
characteristics in the specific type. The final choice set is formed by the chosen neighborhood,
which also represents the type it belongs to, and the remaining aggregated categories. In order
to define different types of neighborhoods, I use a non-hierarchical cluster analysis method1 to
form clusters based on different neighborhood characteristics. Each cluster defines a different
type of neighborhood based on the characteristics and amenities of the neighborhood. In order
to generate the cluster for type of neighborhood, I use a partition cluster methodology for a
pre-established partition of five groups. The variables included for the generation of clusters
were: the proportion of the neighborhood population with a bachelor degree (or more), the
median neighborhood family income, the neighborhood population density, the arrest rate per
100,000 neighborhood inhabitants, the number of colleges less than 5 km from any neighbor-
hood border, the number of shopping centers less than 5 km from any neighborhood border,
the number of points of interest (museums, theaters, etc.) less than 5 km from any neigh-
borhood border, and the number of some additional physical-activity-related facilities in the
neighborhood. Additional details on the cluster procedure and a table with summary statistics
of neighborhood characteristics by cluster are provided in Appendix F.
The second method I use to deal with the intractable choice set was a random sampling of
the choice set per individual. Under some minimal conditions this technique has been proven
to provide consistent estimators that use a subset of the choice set (McFadden, 1978)2. The
idea behind this methodology is to use a subsample instead of the whole set of alternatives
available for each individual; it has been used in several papers about residential location
decisions and other individual decisions made from a huge choice set of alternatives (Liu et
1A standard problem in social sciences, is collapsing the information contained in several varables into a
single one. One of the methodologies most used by researches facing this problem is called cluster analysis, a
term that encompasses a broad set of methodologies that are designed to extract the structure that fits better
with the nature of the data. Kaufman and Rousseeuw (1990) defined cluster analysis as ”the art of finding
groups in data.” These techniques are useful for organizing data by grouping objects of a similar kind within a
finite amount of different categories.
2The consistency of the estimation using random sampling has been proved in the context of standard
multinomial logits (McFadden, 1978).
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al., 2010; Parsons & Kealy, 1992; Train et al., 1987). Following McFadden’s (1978) original
notation, in this dissertation the subsample of neighborhoods available for each household i
is denoted by D. The conditional probability of assigninig a subsample D to an individual i,
given that k is the neighborhood chosen at time t will be denoted as Π (D|Rit = k); with Rit
denoting the individual’s decision.
The conditional probability that individual i chooses neighborhood k at time t conditional
on the sample of alternatives D ( applying Bayes theorem) would be:
P (Rit = k
r|D) = Π (D|Rit = k) .P (Rit = k)∑
j∈D Π (D|Rit = j) .P (Rit = j)
(5.3)
By substituting Equation 5.1 into Equation 5.3, I got the following expression:
P (Rit = k
r|D) =
exp
(
Vtk +
∑
l∈KR
ditkl.Vit + ln Π (D|Rit = k)
)
∑
j∈D exp
(
Vtj +
∑
l∈KR
ditjl.Vit + ln Π (D|Rit = j)
) (5.4)
The reader may note that this expression is almost identical to the expression for the
probabilities in a standard mixed logit model, as in Equation 5.1, but it includes a correction
parameter ln Π (D|Rit = k). The correction parameter is the log of the conditional probability
of drawing subsample D given the choice k. In other words, Π (D|Rit = k) is the conditional
density driving the sampling procedure; conditionally on k, it tells us the probability that a
subsample D is assigned to individual i. MacFadden (1978) showed that, under a minimal con-
dition called ”positive conditioning property,” the maximum likelihood estimators of a model
with probabilities given by Expression 5.4 would be consistent estimators. Furthermore, un-
der a more restrictive condition, called ”uniform conditioning property” the likelihood function
obtained from expressions 5.4 and 5.1 will be the same.
In this study I implement a random sampling procedure that is consistent with the es-
timation of the mixed logit. The mixed logit can be seen as having been formed by two
components: one conditional component (e.g., regressors that vary across alternatives) and
one un-conditional component (e.g., regressors that are invariant across alternatives). In order
to allow the identification of the un-conditional part, a normalization of parameters is needed
as a consequence of the restriction that probabilities sum to one. Because this normalization
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requires the definition of a reference category, the random choice subset must conserve a struc-
ture that allows the definition of this reference category. The definition of type of neighborhood
based on the previously explained cluster analysis provides a good structure of partitions of
the whole choice set, which will be useful for the implementation of the sampling procedure.
The random sampling procedure implemented for the construction of the choice subset is
based in one of the examples described in McFadden (1978)3. The choice set KR is partitioned
into sets {C1, C2, ..., CL} with El representing the cardinality of set Cl. The choice subset
will be formed by the gathering the chosen neighborhood k from partition set Ck with one
randomly selected alternative from each remaining partition set. This type of procedure holds
the ”positive conditioning property”4. The previously described sampling procedure requires
the partition of the choice set KR. A common practice in the literature (Chattopadhyay, 2000;
Friedman, 1975), especially in models of residential location demand, is to limit the number
of alternatives in the analysis by partitioning the choice set by community and major dwelling
type (McFadden, 1978). After this partition is implemented, the random sampling is performed
within each of the partitions. In this study I use partitions defined as types of neighborhoods.
Instead of arbitrarily defining different types of neighborhoods, I use the non-hierarchical
cluster procedure described at the beginning of this subsection to form clusters based on
different neighborhood categories. Each cluster defines a different type of neighborhood based
on the characteristics and amenities that the neighborhood has.
5.2.2 Career Related Decisions
What is a Career Choice in this Study?
The career-related decision is an endogenous factor that plays a role in the determination of
subsequent decisions. In addition, as suggested by the theoretical motivation, the career will
also have a direct impact on weight status. Career-related decisions are taken as exogenous
3Example (c-4) subsection 7, MacFadden(1974)
4As noted in McFadden (1978) the conditional probability of drawing a subsample D given the choice k can
be represented as pi (D|Rit = k) = Ek∏L
l=1
El
if k ∈ D, and D ∩ Cl 6= φ for l = 1, 2, ..., L
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until Wave III; this is because practically all of the respondents in the sample are high school
students up to wave II. One of the empirical challenges of this study has been defining a
”career-related” decision. Not only can many factors contribute to the classification of an
individual in a specific career, there can also be several dimensions of the same concept. For
the purposes of this dissertation, a definition based merely on educational aspects (e.g., a
bachelor’s major) will not be enough. In order to analyze the relationship between career
choice and health outcomes, a broader understanding is required. Therefore, in this study a
career-related decision involves several aspects of the individual’s life: educational decisions,
vocational education, labor supply and occupational characteristics, involvement with the
crminal justice system, and military service.
Defining Career Decisions Using Cluster Analysis In order to create different, mu-
tually exclusive categories that represent a career decision, I cluster individuals using the
information contained in the five categories mentioned in the previous subsection. Technically,
I perform a partition clustering methodology for observations5; this method allows the individ-
uals to be classified into several different groups without overlap. The cluster methodologies
used for non-hierarchical partitions usually require an ex-ante number of clusters that have
been predetermined by the researcher. The cluster analysis identifies groups of individuals
that share very distinctive characteristics that are also visibly different from characteristics of
other clusters. Using the most remarkable differences between groups, I design categories that
capture these differences among clusters.
Appendix E contains a table that presents summary statistics of characteristics for each
cluster obtained from a k-median cluster procedure with five predetermined categories. This k-
median cluster procedure gathered individuals with similar characteristics that describe choices
5Usually such methods are grouped under the name “k-mean” or “k-median procedures.” The basic idea was
to create a predetermined number of clusters by an iterative process in which an observation k is assigned to
a group with a close mean or median to the characteristics of the observation. Based on this iterative process,
the new means/medians for each group are created. The process is continued until no observation is assigned
to a different group. For a better understanding of this methodology, see Kaufman and Rousseeuw (1990).
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on the life-paths that individuals have decided to follow; therefore, construction of the cate-
gories for career-related decisions was based on the characteristics of the clusters. The career-
related decisions are defined here in terms of six categories. An individual is observed at any
of these categories at a specific period of this study:
In college (or similar). Most of individuals in this group reported having some college or
more educational attainment. They are not full-time workers; in fact, most of them do not
work. This group’s most distinctive characteristic is that all of the individuals reported that
they are attending school regularly. Most of them attend college or universities; therefore, the
educational attainment for most of them is at least some college. A small share of individ-
uals have not yet received a high school diploma, however, or reported receiving vocational
education.
In a high skilled white-collar job. These are full-time/part-time workers with white-collar
jobs who are not attending school; their educational attainment is a college degree or more6.
In a high skilled blue-collar job. These are full-time/part-time workers with blue-collar
jobs who are not attending school; their educational attainment is an associates degree, some
college, or more.
In a low skilled white-collar job. These are full-time/part-time workers with white-collar
jobs who are not attending school; their educational attainment is some college or less.
In a low skilled blue-collar job. These are full-time/part-time workers with blue-collar jobs
who are not attending school; their educational attainment is some college or more.
Not working nor in school. These individuals reported school attainment of less than high
school, high school, vocational degree, or associates degree; in addition, they reported that at
the time of the interview they were not working or attending school.
These six categories describe a period t career-related decision that these individuals are
6A small subgroup of individual highly educated (with college degree or more), which reported not having a
job at the moment of the interview were added to this second category
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following. I generate them based on the following individual characteristics: educational attain-
ment, labor supply, characteristics of the main job, formal education institution attendance,
and vocational education. Some other characteristics were used in the cluster analysis that
these divisions were based on, but the features listed here turned out to be the most important
determinants of the inclusion of an individual in a specific cluster. Using these categories, I
was able to specify a discrete choice model of career-related decisions.
Career Choice Equation
Denoting Cit as the career related decision (CRD) of individual i at period t (defined as defined
in the previous sub-section), the following equation describes the log of the probability ratio
between choice kc and choice 1 where kc = {CRD category 1, CRD category 2, ..., CRD
category Kc}.
ln
[
P (Cit = k
c)
P (Cit = 1)
]
= Zitβ
C
kc +Xitγ
C
kc + Ωitφ
C
kc + µ
kc
i + υ
kc
it (5.5)
where Ωit = [Wit, Ait−1, Sit−1, nit−1, fit−1]; t = 3, 4; kc = 1, ...,Kc.
The matrix Xit includes a set of individual exogenous variables affecting the choice; this ma-
trix contains individual specific variables such as age, family background, and socio-economic
characteristics. Zit is a vector of characteristics of the individual’s place of residence. In the
theoretical framework it was assumed that career-related decisions are made after an indi-
vidual observes the information available at the beginning of a period (Ωit); this vector Ωit
contains the person’s weight status, physical activity, smoking decision, and fertility decision,
all of them at the previous period. The error term is composed of µk
c
i and υ
kc
it ; where µ
kc
i
represents unobserved individual level characteristics that are constant over time, and υk
c
it rep-
resents time varying unobserved individual characteristics. These unobserved heterogeneity
parameters are allowed to change by category. In addition, a purely random type I extreme
value error perturbation is implicit in the multinomial logit specification.
35
5.2.3 Simultaneous Choices and Final Health Outcome
It was assumed in the previous section that after the residence and career choices, individuals
make four simultaneous decisions: physical activity, smoking, number of pregnancies, and food
consumption. Final health status is realized at the end of the period, after these simultaneous
decisions are made. This assumed decision process describes the intuition behind the fact that
individuals cannot decide their weight, but they can make their choices in such a way they can
control their final weight status through these choices.
There is no information in Addhealth that allows me to construct a measure of caloric
intake. This is a limitation of most of the papers on the relationship between obesity and
environment. The implications of the lack of caloric intake information may be attenuated by
the fact that there is neither evidence of variation in diet across physical activity levels nor
evidence that diet confounds the relationship between weight and physical activity. Neverthe-
less, this issue could jeopardize the identification of the whole system as long as the degree
to which individuals care about their diet would be a missing variable in the weight equation.
In order to deal with this issue, I use a proxy variable; the best one I can count on is the
frequency of visits to fast-food restaurants. Therefore, the decision about food consumption
will be represented in this dissertation by a variable that describes the frequency of fast-food
meals per week.
Physical Activity
Physical activity is directly translated into energy expenditure; it is a biological determinant of
weight. In this dissertation, it is modeled as a categorical variable that describes the frequency
with which several physical activities7 were performed the week before the respondent was
interviewed. The categories are: no physical activity at all (1), one or two times per week (2),
3 to 4 times per week (3), and five or more times per week (4). From the timing assumptions
described previously, decisions about physical activity are simultaneously made with smoking,
7Walking is not included in the set of physical activities used in this research
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diet, and fertility decisions; this progression implies that smoking diet and fertility decisions
do not contemporaneously affect physical activity. The following equation describes the log
odds ratio between category kA and category 1, which is no physical activity at all.
ln
[
P
(
Ait = k
A
)
P (Ait = 1)
]
= Xitγ
A + Zitβ
A + Citδ
A + Ωitφ
A + Iitθ
A + µAi + υ
A
it (5.6)
where Ωit = [Wit, Ait−1, Sit−1, nit−1, fit−1, Nit]; kA = 1, .., 4; t = 2, 3, 4
Matrix Xit includes individual demographic and socioeconomic exogenous characteristics.
Matrix Zit includes amenities of the individual’s place of residence. Cit is the matrix of career
dummies, and Ωit is the vector of state and predetermined variables. The equation also includes
a matrix of instruments Iit = [z
A, zS , zn, zf ], which is composed by exogenous variables that
impact the simultaneous behaviors. The error structure is the same as in previous equations
in that it allows for unobserved constant and time- varying unobserved heterogeneity.
Smoking
Because weight status is the outcome of interest, smoking is treated as an endogenous variable
in this study. It is a choice that may be used as a strategy for weight loss or maintenance.
It is represented by the categorical variable current smoker or not. The following equation
represents the log of the probability ratio between smoking and not smoking:
ln
[
P (Sit = 1)
P (Sit = 0)
]
= Xitγ
s + Zitβ
s + Citδ
s + Ωitφ
s + Iitθ
s + µsi + υ
s
it (5.7)
where Ωit = [Wit, Ait−1, Sit−1, nit−1, , fit−1 Nit]; t = 2, 3, 4
Matrix Xit includes individual demographic and socioeconomic exogenous characteristics.
Zit includes amenities of the individual’s place of residence. Cit is the matrix of career dum-
mies, and Ωit is the vector of state and predetermined variables. The equation includes the
instruments matrix Ii. The error structure is the same as previous equations.
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Childbearing
Childbearing is another individual choice variable that can affect health outcomes for women.
As a biological process, maternal body size increases during pregnancy. Because weight status
can change as a result of weight retention after delivery, this equation is included only in the
estimation for women. In order to reduce the complexity of the model, I use a logit model that
specifies whether the women had at least one child during period t. The following equation
represents the log of the probability ratio between a positive number of deliveries and the
reference category (zero new pregnancies).
ln
[
P (nit = 1)
P (nit = 0)
]
= Xitγ
n + Zitβ
n + Citδ
n + Ωitφ
n + Iitθ
n + µni + v
n
it (5.8)
where Ωit = [Wit, Ait−1, Sit−1, nit−1, , fit−1 Nit]; t = 2, 3, 4; Iit = [zA, zS , zn, zf ]
The definition of the matrices is the same as in the two previous equations. The error
structure is also the same as in previous equations.
Proxy for an Individual’s Diet
As previously mentioned, the lack of information about the composition of an individual’s diet
required me to use a proxy variable that describes this individual choice. As a proxy variable,
I chose the frequency of meals from fast-food restaurants. A high frequency of fast-food meals
would be consistent with a high amount of food consumed, because fast-food restaurants
usually serve large portions. In addition, following most of the literature on obesity, one could
consider that high consumption of fast food is a signal of poor-quality diet; this is because
fast food is usually cheap, high calorie, and calorie-dense. The positive significant relationship
between weight and fast food has been noted previously in the literature (Chou, Grossman,
& Saffer, 2004). The following equation explains the number of fast food restaurant meals
consumed by the respondent during one week. Like all of the previous equations it is a
function of matrices X,Z,C,Ω, defined as before. This equation also includes the matrix of
instruments I.
38
Fit = Xitγ
F
kf + Zitβ
F
kf + Citδ
F
kf + Ωitφ
F
kf + Iitθ
F
kf + µ
F
i + υ
F
it + uit (5.9)
where Ωit = [Wit, Ait−1, Sit−1, nit−1, , fit−1 Nit]; t = 2, 3, 4; Iit = [zA, zS , zn, zf ]
Weight Status
The final equation in the empirical model is the weight status equation. It is modeled as a
health outcome produced at the end of each period from the inputs chosen by the individual
during the period. The four simultaneous within the period behaviors (food consumption,
physical activity, smoking, and fertility) affect the weight produced at the end of the period.
It is assumed that neighborhood amenities affect the determination of weight through their
effect on physical activity or other lifestyle simultaneous behaviors. On the other hand, the
career-related decisions are assumed to have a direct effect on the determination of the weight.
Finally, the weight at the end of the previous period as well as the remaining variables included
in vector Ωit are also assumed to determine the weight status. In addition, in this study weight
is assumed to be a function of exogenous covariates. The following equation represents the log
odds that the individual is overweight at time t
ln
[
P (Wit+1 = 1)
P (Wit+1 = 0)
]
= Xitγ
W + Citδ
W +Witφ
W +Aitλ
W + Sitσ
W + nitη
W (5.10)
+Fitα
W + µWi + υ
W
it
where t = 2, 3, 4
XWit includes exogenous characteristics that might increase the probability of obesity. Ωit
includes the state and predetermined variables. Cit represent the career dummies. Ait rep-
resents the endogenous contemporaneous physical activity. Sit represents the endogenous
contemporaneous smoking decision. nit represents the endogenous contemporaneous fertility
decision. As in the previous equations µwi represents unobserved individual level characteristics
that are constant over time, and υwit represents time varying unobserved individual character-
istics.
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5.3 Initial Conditions and Identification Issues
5.3.1 Sources of Identification
One of the advantages of nonlinear systems of dynamic equations is that the identification
of the system comes from several sources. Bhargava (1991) shows that in the case of linear
dynamic systems under fairly weak conditions the system is identified. The general idea be-
hind identification is based on standard arguments of the dynamic-panel estimation literature
(Bhargava and Sargan, 1983; Arellano and Bond, 1991; Mroz and Savage 2006). In dynamic
systems, each lagged exogenous variable serves as instrument for the identification of the sys-
tem. This is because every lag of an exogenous variable could have a separate effect on the
contemporaneous value of an endogenous explanatory variable (Mroz and Savage, 2006). In
the case of time varying exogenous variables, the longer the temporal dimension of the panel
the greater the number of instruments that lead to the over-identification of the system; this
is because the whole history of time varying exogenous variables can be used as instruments
for contemporaneous endogenous explanatory variables. In this research the system of equa-
tions is non-linear. This is an additional feature that helps to the identification of the model.
As discussed in Mroz and Savage (2006), the effect of potential instruments on endogenous
contemporary variables depends on the functional form that determines the evolution of any
time-varying exogenous variable. This is because the dynamic nature of the system implies
that lagged exogenous variables are modified by their previous lags and previous lags of other
exogenous variables as well. Finally, the way in which the unobserved heterogeneity is mod-
elled in this research may contribute to identification as well. Conditional on the unobserved
heterogeneity components of the composite errors of each equation, the lag of endogenous
variables may serve as instruments as well if there is no additional auto-correlation in the
remaining iid error components (Yang, Gilleskie and Norton, 2009).
In addition, I incorporate exclusion restrictions in the equations for lifestyle decisions.
These are neighborhood amenities and local prices that determine decisions on the practice
of physical activity and other lifestyle decisions, but presumably they do not have a direct
impact on weight status. Some examples of the variables that I use in this category are:
density of different types of recreational facilities, number of parks, and total area of parks
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available within some radius of the centroid of the individual’s census tract, local prices for
cigarettes, junk food, and healthy food. All of these variables are assumed to have a direct
impact on physical activity but an indirect impact on weight status. I exclude some individual
characteristics such as previous contraception usage and high-school GPA from the obesity
equation, I include them in other equations in the system as exclussion restriction as well.
These are factors that explain individual’s decisions such as fertility and career, but conditional
on unobserved heterogeneity I assume they have no direct impact in the weight determination
process. Using a likelihood ratio test I conclude that all elements excluded from the weight
status equation are not jointly significant.
Finally, to ensure identification of the effect of residence amenities upon physical activity
and other lifestyle decisions, I use as exclusion restrictions elements that are unique to the
residential decision and do not determine directly physical activity practices or other lyfestyle
choices. Exogenous variables unique to the residential choice equations may be other charac-
teristics of the residential location (e.g., cost of housing, supply of nearby cultural activities,
density of colleges within a specified radius of the respondent’s residence, etc.). All of these fac-
tors are assumed to influence residence location, but they do not have direct effect on physical
activity or other lifestyle decisions.
5.3.2 Initial Conditions
The empirical model estimated in this dissertation is dynamic, which evokes another standard
concern with this type of model: the initial condition problem for the lagged endogenous
variables. These initial conditions are required because initial values of weight status, the
smoking decision, physical activity, food consumption, and the fertility decision cannot be
estimated using the specifications described in the previous section. This is because there are
no lagged values for the endogenous choices made before the initial period, and this means
that equations 5.3 to 5.6 cannot be used at the initial period. In order to deal with this
situation, in addition to the dynamic equations presented in previous section, I have included
in the estimation several reduced-form equations that explain the initial values of the variables
described above.
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Equations 5.6 to 5.9 are specified for time periods 2, 3, and 4. The initial values equations
for those variables at Period One are specified in a similar fashion, but observed right-side
variables are strictly exogenous individual characteristics, family background characteristics,
original individual high school characteristics, and original individual neighborhood amenities.
Unfortunately, during the initial period (Wave I), the respondents were not weighed and mea-
sured by the interviewer as was done in the subsequent waves. Nevertheless, for the initial
period there are self-reported measures of weight and height. The self-reported information
is less than ideal, but it does not cause major estimation problems because it is a dependent
variable that is assumed to be measured with error in any case.
5.4 Estimation
The methodology for the estimation of all equations in section 5, including the initial condi-
tion equations, is based on full information maximum likelihood methods (FIML). A important
feature of the empirical model is that it allows for unobserved heterogeneity. As previously
mentioned, the specification of each equation in the system includes two unobserved hetero-
geneity terms (µi, υti) one time invariant and one time varying. Estimation of the system
by FIML typically requires assumptions about the distribution of unobservables µi and υti;
usually, researchers assume multivariate normality.
In this study I propose a more flexible method that does not require any assumption about
the distribution of the unobservables. The discrete factor method (DFM) is an extension of the
Heckman and Singer (1984) method that approximates the joint distribution of the unobserved
heterogeneity as a discrete probability distribution function with a finite number of support
points. The probabilities for each support point are jointly estimated with the other parameters
in the model (Angeles et al., 1998). The basic idea of semi-parametric methods such as DFM
specifies a likelihood function that is conditional upon the values of unobserved heterogeneity
(Mroz, 1999) and allows integration over the distribution of the unobserved factors. Using
Monte Carlo experiments, it has been proven that when the real underlying distribution for
unobserved heterogeneity is normal, the DFM performs very similarly to the models that
assume normality. Still, when the real distribution is not normal, the DFM outpaces standard
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methods in terms of the precision and accuracy of the estimators (Mroz, 1999; Mroz & Guilkey,
1992). More details about the specific implementation of the DFM in this study are provided
in the next subsection.
5.4.1 Likelihood Function
In accordance with the DFM, in this study I assume that the cumulative distribution function of
the unobserved heterogeneity can be approximated by a step function (Mroz, 1999). Therefore,
the discrete distribution for the individual heterogeneity component µi is represented by the
following expression:
Pr (µei = µ
e
ke) = pi (q1)
∀ e ∈ {C,R,A, s, n, F,W}
∀ k ∈ {1, ...,Ke}
where pik > 0 and
K∑
k=1
pik = 1
Similarly, the discrete distribution for the time varying unobserved heterogeneity υit is repre-
sented by the following expression:
Pr (υit = υ
e
ke) = ψ (q2)
∀ e ∈ {C,R,A, s, n, F,W}
∀ k ∈ {1, ...,Ke}
where ψl > 0 and
L∑
l=1
ψl = 1
Where q1 is the number of mass points allowed for the distribution of the time permanent
unobserved heterogeneity, and q2 is the number of mass points allowed for the distribution of
the time permanent unobserved heterogeneity. The unconditional likelihood function (after in-
tegrating out the unobserved heterogeneity) for the joint estimation of the system of equations
is:
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L (Θ) =
N∏
i=1
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n}∏KF
kf=1 Pr
(
Fi1 = k
f |µk
)1{Fi1=kf}
Pr (Wi1 = 1|µk)1{Wi1=1} [1− Pr (Wi1 = 1|µk)]1{Wi1=1}

4∏
t=2
L∑
l=1
ψl

∏Kc
kc=1 Pr (Cit = k
c|µk, vlt)1{Cit=k
c} 1 {t > 2}∏
kr∈D Pr (Rit = k
r|µk, vlt)1{Rit=k
r} 1 {t > 2}∏Ka
ka=1 Pr (Ait = k
a|µk, vlt)1{Ait=k
a}∏Kn
kn=1 Pr (nit = k
n|µk, vlt)1{nit=k
n}∏Kf
kf=1 Pr
(
Fit = k
f |µk, vlt
)1{Fit=kf}
Pr (Sit = 1|µk, vlt)1{Sit=1} [1− Pr (Sit = 1|µk, vlt)]1{Sit=0}
Pr (Wit = 1|µk, vlt)1{Wit=1} [1− Pr (Wit = 1|µk, vlt)]1{Wit=0}



The whole set of parameters estimated in the model is:
Θ ≡ [γeke , δeke , φeke , λeke , σeke , ηeke , ρeke , τ eke , µk, vlt]
∀ e ∈ {C,R,A, S, F, n,W},∀ k ∈ {1, 2...,K} , ∀ l ∈ {1, 2..., L} .Using some standard normal-
izations, it is possible to identify all parameters in Θ.
5.4.2 Missing Values and Attrition
Of the initial sample at the beginning of the AddHealth study, less than 50% of the individuals
can be tracked through all waves. This inability raises a concern about possible attrition bias.
A big share of the high percentage of attrition in AddHealth is explained by the fact that high
school seniors in Wave I were not tracked in Wave II. This portion of the attrition would not
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represent a serious problem, because it is explained by individual ages, which are an exogenous
variable that I was able to control for in the regressions. The attrition from Wave I to waves
III and IV could certainly be a problem, however. Therefore, to correct for possible bias, I use
a methodology based on inverse probability weighting (Horowitz & Manski, 1998; Moffit, et
al., 1999; Wooldridge, 2001).
The inverse probability weighting correction uses the probability of selection into the esti-
mation sample, computed from a standard probability model, to weight the individual contri-
butions to the log likelihood function. The probability of selection is computed using exogenous
and endogenous characteristics from Wave I (i.e., the initial wave). As can be inferred from
the name of the methodology, the weights are the inverse of the individual’s probabilities of
selection. The advantage of inverse probability weighting over more traditional methodologies
based on Heckman’s selection procedure is that it provides more stable parameters estimates.
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Chapter 6
Results
In this section I describe the estimation results for the empirical model proposed in previous
sections. In addition, in this section I present the results of some simulation-based experi-
ments using parametric bootstrap methodologies. I begin this section by presenting summary
statistics of the data. For a convenient presentation of the results, several tables are presented
in different Appendices of this dissertation. The unobserved heterogeneity parameters and the
probability weights governing the joint distribution of these parameters are presented in Ap-
pendix A. The estimation results for the models of Residential Location and Career Decisions
are presented in Appendix B and C, respectively.
6.1 Summary Statistics and Sample Description
In the following subsection I present summary statistics of the variables that are used in
the estimations of the lifestyle and the weight status equations. Additional variables that
describe the neighborhoods in which Addhealth male and female responders live are presented
in Appendix D. Additional details about the construction of some of the characteristics are
presented in the Data Appendix. The initial sample of the AddHealth study includes more
than 20,745 observations. After merging all waves for constructing the panel of individuals an
important fraction of observations is lost. The final sample size of individuals who are observed
throughout the study is 10,120 (5,520 women and 4,600 men). After the lost information is
given different sources for the missing values, the estimation sample is reduced to 4,400 women
and 3,660 men, observed in four different waves.
Table 1: Summary Statistics
47
6.2 Estimations Results of the Model for Women
6.2.1 Obesity Equation
The health outcome modeled in this dissertation is the probability of being obese. Table 2
includes the results of the estimation of this equation for the female sample. Three different
specifications are presented, in three panels. The first panel contains the results of an individ-
ual logit in which I did not control for any endogeneity issues and unobserved heterogeneity is
not modeled in any way. In the other specifications, the obesity equation is jointly estimated
together with all other equations in the system and with initial conditions. In the second
specification, I use random sampling of the choice set of neighborhoods for the estimation
of the residential location equation (RLE). In the third specification, I use an aggregation
of the categories into neighborhood types for the estimation of the residential location equa-
tion. Both obesity equations in the second and third panels include four permanent and three
time-varying unobserved heterogeneity parameters. Inclusion of additional unobserved hetero-
geneity parameters (permanent and time-varying) does not improve the performance of the
models in terms of a significant reduction of the log likelihood function.
One remarkable feature of the estimation of the weight status equation is the persistence of
obesity. Being obese is a very inertial state, from which it is difficult to escape. In the simple
logit estimation, previous obesity increased by 67 percentage points the probability of being
obese in the present. The contribution of 66 percentage points in the jointly estimated models,
although a bit lower, is still quite high. Given this level of persistence, the importance of child
obesity prevention is crucial. The most important determinant of obesity in the future, by far,
is an unhealthy BMI today. Individuals who become obese when they are children or teenagers
probably will carry the burden of obesity throughout their lives.
Physical activity is a significant factor in the reduction of the probability of being obese,
but only for women who perform physical activity at the highest level. This is the case in
the independent logit specification and in the jointly estimated system. In such cases there
is a significant reduction of more than 4 percentage points in the probability of obesity. The
magnitude of the coefficient for the highest physical activity level is higher in the individual
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Table 2: Weight Status Estimation Results for Women
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logit estimation. After I control for endogeneity of these variables, there was a reduction in
the magnitude of this coefficient, nevertheless it remained highly significant. Clearly, physical
activity could be a very important tool with which to tackle the problem of obesity, especially
for women. Simulations derived from the estimated model show that the female obesity preva-
lence rate would be greatly reduced with a generalized implementation of this practice. These
simulations will be discussed in the next section.
In the individual logit specification, the dummy variable representing fertility has a positive
but insignificant effect. This is also the case in the jointly estimated model specification [2] and
specification [3]. In the case of the dummy variable for smokers, the variable is not significant.
This is the case in the individual logit specification and in the jointly estimated model as well.
It is difficult to predict the direction of the endogeneity bias in the individual logit estima-
tion. The direction would depend on the correlation of unobservable factors that determine
weight status and their correlations with the endogenous variables. Still, it would be reason-
able to assume that at least for some variables the direction of the bias is such that it magnifies
the real effect of the endogenous variable upon the probability of obesity. Physical activity
could be a good illustration of this situation. Individuals who are highly concerned about their
health are the ones who tend to engage in more physical activity. Some other characteristics of
these individuals, observed and unobserved, are associated with a healthy BMI. For example,
more active individuals usually have healthy family backgrounds.
The career-reference category for the specification of this weight status equation is the
College-educated white-collar workers category. These are full-time/part-time workers with
white-collar jobs who are not attending school; their educational attainment is a college de-
gree or more. In comparison with this category, students and highly educated blue collar
workers have no significant increment or reduction in the probability of obesity. This is an
interesting result in the sense that it provides evidence that conditional on high educational
attainments the individual’s occupational choice do not make a difference in terms of changes
in the probability of obesity. With regard to the other three categories, in both jointly esti-
mated specifications ([2] and [3]), there is a positive effect associated with white/blue collar
workers with low educational attainment and not working nor attending to school individuals
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with low educational attainment, in comparison with the reference category. These effects are
significant in both specifications , the significance level is lower in specification [3], however.
Age is an important explanatory factor for obesity; all other factors constant the probability
of obesity increases with age, but in a non-linear way, as one can see from the significance of
the age quadratic term. Some exogenous variables (e.g. the dummy variable for married,
dummy variables for African American and Hispanic) increase significantly the probability of
obesity. In the jointly estimated model, only age, Hispanic, and African American remain
significant (some of them only in specification [3]). Other exogenous variables (e.g., immigrant
status, high levels of parental education) significantly reduce the probability of obesity in the
individual logit estimation, but some of them are no longer significant in the jointly estimated
models. Parents’ educational attainment college or more has a negative effect in the probability
of obesity, these effects are significant in specification [2].
6.2.2 Input Equations Estimation Results for Women
In this subsection I present the estimation results of the four endogenous inputs that are con-
temporaneously included in the female obesity equation: physical activity, smoking, fertility,
and frequency of fast-food meals. Table 3 shows the results of the physical activity equation
estimation. The results for the other three inputs are presented in table 4. Two specifications
are presented in each table. Specification 1 is an independently estimated multinomial logit.
In Specification 2, the PA (physical activity) equation is jointly estimated with all other equa-
tions in the system; in addition, in Specification 2 I use random sampling of the choice set of
neighborhoods for the estimation of the residential location equation.
Physical Activity
The equation for physical activity (PA) is specified as a multinomial model with four categories
associated with different intensity levels of PA: no physical activity at all (1), physical activity
one or two times per week (2), physical activity 3 to 4 times per week (3), and physical activity
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five or more times per week (4). The reference category is the first one (no physical activity
at all).
Previous obesity reduces the probability of performing intense PA (i.e., at least five times
per week). This effect is significant in the jointly estimated model. An effect that also remains
significant after controlling for endogeneity is the negative effect of smoking on the probability
of performing intense PA. Individuals are more likely to perform PA if they have performed PA
in the past, especially at the intense level. After controlling for endogeneity, the probability of
intense PA increases by 9 percentage points for individuals who performed medium PA (3 to
4 times per week) in the previous period, and 23 percentage points for those who performed
intense PA in the previous period. There is a significant reduction in the probability of medium
and intense PA with each fast-food meal reported per week. There is a significant reduction
in the probability of intense PA of several careers in comparison with the reference category
college-educated white collar workers.
The probability of intense PA decreases with age in a non-linear way; this reduction is
significant in all specifications presented in the table 3. Some demographic factors significantly
reduce the probability of PA as well; for example the dummy for African American, which is
associated with a significant reduction of more than 5 percentage points in the probability of
intense levels of PA relative to the reference category (zero physical activity). Having more
small children (younger than 6) also reduces the probability of PA. The probability of positive
PA levels decreases significantly for cohabitating women, the same it is true for married women,
but in this case the effect is not significant in the jointly estimated model.
To summarize, some of the most remarkable features of the estimation are that female
respondents in AddHealth are significantly more likely to perform intense PA in the current
period if during the previous period they did not smoke but did practice medium or intense
PA. In addition, more frequent fast-food meals in the previous period are associated with
a significant reduction in the probability of performing medium and intense PA during the
current period. This evidence seems to suggest that healthy behaviors in the past increase the
probability of healthy behaviors in the present.
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This model allows us to test an additional hypothesis: whether neighborhood amenities
have a real impact in the determination of obesity. I test this hypothesis by evaluating the effect
that a set of neighborhood amenities has on the probability of performing PA. In the individual
multinomial logit for PA, several neighborhood amenities have a significant impact upon the
probability of PA, especially at the medium and intense levels. Variables such as square miles
of community parks, the number of parks in the neighborhood, the ”beta” street conectivity
index, and the amount of fee required-PA-related facilities in the neighborhood have a positive
effect in the probability of at least one non-zero PA category. Square miles of parks and fee-
required facilities are significant at 5% level, and the number of parks is almost significant at
10% level. After controlling for endogeneity only one variable remains significant: the square
mileage of community parks within one 1 km of a woman’s neighborhood. This variable has a
positive significant effect upon low and medium PA and is barely significant (based on a 10%
level of significance) in the intense PA category. Other variables that represent neighborhood
amenities have expected signs, but they are not significant.
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Smoking, Childbirth, and Fast Food Meals for Women
Table 4 presents the results of the estimation of the equations for the smoking decision, the
fertility decision (at least one childbirth during the period), and the linear model for the
number of fast-food meals. As before, two specifications are presented for each equation.
Specification 1 is the estimation of each equation separately. Specification 2 represents each
equation estimated jointly with all remaining equations of the system.
Female respondents in AddHealth are more likely to smoke regularly during the current
period if they smoked during the previous period, if they were obese during the previous period,
and if they did not practice any physical activity during the previous last period. After
controlling for unobserved heterogeneity, all these relationships remain significant. Again,
this seems to suggest that unhealthy practices in the past may explain current unhealthy
lifestyles. For previous smokers there is an increment of 49 percentage points in the probability
of smoking, whereas for obese in the last period there is an increment of 2 percentage points.
Some demographic variables have a negative effect upon the probability of smoking, even after
controlling for unobserved heterogeneity. The dummy variables for African American and
Hispanic are negative, which implies a reduction in the probability of smoking in comparison
with the reference category (white females). First and second generation immigrant status
have also negative effects in the probability of smoking, but they are not significant in the
jointly estimated model. Other demographic variables have expected signs but they are not
significant after controlling for unobserved heterogeneity.
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There is a negative effect for married female respondents on the probability of smoking
in comparison with single females, which is significant in the jointly estimated model. There
is a positive and significant effect in the smoking probability for females who are divorced or
cohabitating. Female respondents are more likely to smoke if they were observed at the begin-
ning of the study in households with at least one step-parent or a single mother, in comparison
with females who were observed at the beginning of the study with two biological parents.
In addition, the number of children younger than six reduces significantly the probability of
smoking for females.
Female AddHealth respondents who were obese in the previous period are less likely to have
had at least one child during the current period, but this effect is not significant. For women
who had a childbirth in the previous period, there is an significant reduction in the probability
of childbirth in the current period (8 percentage points). In comparison with college-educated
white collar workers there is a significant increase in the probability of childbirth for all other
careers except by students. These effects remain significant after controlling for unobserved
heterogeneity. Married and cohabiting females are more likely to have children in comparison
with single women. African Americans females have a higher probability of pregnancy than
white females and this effect is significant at 5% confidence level.
Female AddHealth respondents consume fewer fast-food meals per week if they smoked in
the previous period, but this effect is not significant in all specifications. Previous consump-
tion of fast-food meals greatly explains current consumption. On average, African American,
Hispanic, and Asian females consume more fast-food meals than white females do. Married
and divorced women consume less fast food meals in comparison with single women, but this
negative effect is only significant for divorced women in the jointly estimated model. Female
respondents who still live with their parents significantly consume more fast-food meals per
week, whereas females whose parents are college-educated consume fewer fast-food meals per
week.
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6.3 Simulations and Fit of the Model for Women
The model estimated in this dissertation represents a system of different choices and behaviors,
all of which have a final direct or indirect effect on the probability of obesity. Marginal effects
per period for a variable only partly describe the effect that a marginal change in that variable
has on the obesity probability. Given the multidimensional and dynamic nature of the model,
changes in one variable might have a direct effect on the obesity equation; however, they may
also have many indirect effects through the effect that the original perturbation has on the
system of variables that also determine obesity. Such situations make it difficult to measure
the ultimate impact of any exogenous or endogenous covariates on the key outcomes, as well as
to follow the pathways through which these variables operate. This difficulty can be overcome,
however, by using simulations.
The basic simulation strategy is to use the estimated coefficients, mass points, and prob-
ability weights from the reduced-form equations to predict values for the endogenous inputs
of the obesity equation (e.g., physical activity, smoking, fertility, and the proxy for food con-
sumption)1. This is done by comparing the predicted probability of each behavior with random
draws of a standard uniform distribution. Then these predicted values are used, along with
the actual observed values of the exogenous variables in the obesity equation, to predict the
probability of being obese. By using the same strategy of comparing the estimated probability
with a random draw from a uniform distribution and then averaging the simulated outcome
across respondents, I was able to get model-predicted obesity prevalence rates. These simu-
lated prevalence obesity rates, among other things, allow for testing the fit of the model by
comparing the prediction with the real prevalence observed in the AddHealth sample.
At the end of the process described in the previous paragraph, point estimates of the
obesity prevalence rates can be calculated. One can obtain an expectation for the estimate
and a confidence interval by using bootstrapping methodologies. In this study I use parametric
bootstrapping methods. Parametric bootstrap make use of the following asymptotic result that
1In order to get a unique prediction of a specific input probability, we compute the expectation of the latent
indirect utility level over the distribution of the different individual’s types, given the values of the unobserved
heterogeneity parameters.
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holds for MLE estimation.
β ∼ N(βˆ, covβˆ)
In other words, it is assumed that the entire set of estimated coefficients, mass points,
and mass-point weights follow an asymptotic multivariate normal distribution that is centered
at the estimated values of the parameters, with a covariance matrix equal to the estimated
covariance matrix for the entire set of parameters (Angeles, Guilkey, & Mroz, 2005). I ran-
domly drew 1,000 parameter vectors in order to conduct the simulation exercises and used the
standard deviation across the 1,000 bootstrap samples to construct confidence intervals for the
predicted obesity rates.
6.3.1 Fit of the Model
Using the procedure described in the introduction of this subsection, I was able to compare the
model predictions for obesity prevalence rates with the prevalence rates observed in the data.
This comparison provided a straightforward way to see how well the model was predicting
the data and how accurate those predictions were. Figure 1 contains the predictions and
confidence intervals (at a 95% significance level) of the obesity prevalence rate at all ages
at which respondents are observed in the AddHealth study. The green line represents the
obesity prevalence rate estimated, averaged through all bootstrap samples, for the jointly
estimated model (Specification 2). The blue line represents the obesity prevalence rate, which
was computed using the all the respondents in AddHealth observed at any of the specific ages
represented in the horizontal axis. The upper and lower limits of the confidence intervals
are represented by the black dotted lines. On average, the model predictions of the female
obesity prevalence rate are a bit smaller than the observed prevalence for the female AddHealth
respondents. Nevertheless, the model captures well the evolution of female obesity prevalence.
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Figure 1: Model Predictions of Female Obesity Prevalence
6.3.2 Simulated Changes of the Obesity Prevalence Rate
Using the estimated model and the simulation techniques described in this subsection, I sim-
ulate the changes in obesity prevalence as a result of changes in endogenous and exogenous
variables. Three different situations are simulated using the estimated model. The first two
relate to the individual decision to perform physical activity, and the last one has to do with
the availability of physical- activity-related amenities in the individual’s neighborhood. In the
first exercise I simulate the female obesity prevalence rate that would have resulted from a
state of the world in which all respondents perform high levels of physical activity while they
are high school students. Such a situation could be the result of a policy that implements
intense physical activity programs in schools nationwide. In the second exercise, an extension
of the first one, I simulate the female obesity prevalence in a state of the world in which all
respondents performed high levels of physical activity throughout their lives. This simulation
describes an upper boundary of the role of physical activity as a partial solution for the critical
obesity problem in the United States. In the last simulation I increase the availability of a set
of neighborhood amenities that have an effect of increasing the probability of positive levels of
physical activity. Then I simulate the female obesity prevalence that would have resulted in a
state of the world in which these additional amenities are available to the respondents.
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Intense Physical Activity in High School Figure 2 shows a comparison between the
predicted obesity prevalence using the observed state of the world (A) and the predicted
obesity prevalence in a state of the world where individuals perform high-level physical activity
when they are in high school (B). The blue line represents the unaltered prediction of the
female obesity prevalence rate and the green line represents the prediction when all females
are assumed to perform intense PA during high school. As can be observed from the figure,
the effect of intense PA in high school implies a reduction of the probability of obesity, and this
reduction remains throughout the time the women are observed. This reduction is statistically
significant.
Figure 2: Simulated Effects of Intense Physical Activity in High School
The small box presents a summary of these simulation results. This table presents the
average effect of the simulations previously described for all individuals in the last wave of
AddHealth. A generalized practice of intense PA during high school causes a reduction of
1.1% in the probability of being obese when these women are adults between 26 and 31 years
old. In other words, given that previous weight status is a very important factor in explaining
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current weight status, good health practices such as intense PA during adolescence have a
significant impact for women when they are in young adulthood.
Intense Physical Activity throughout Adolescence and Young Adulthood Figure
3 shows a comparison between the predicted obesity prevalence using the observed state of the
world (A) and the prediction in a state of the world in which individuals perform high-level
physical activity throughout the years they are observed in the AddHealth study (B). The blue
line represents the unaltered prediction of the female obesity prevalence rate, and the red line
represents the prediction when all females in the sample are assumed to constantly perform
intense PA during the entire period. As can be observed from the figure, the effect of intense
PA in high school implies a great reduction of the probability of obesity. This reduction is
statistically significant.
Figure 3: Simulated Effects of Constant Intense Physical Activity
The small box presents the average effect of the simulation previously described for all
female respondents in the last wave of AddHealth. A generalized practice of intense PA during
64
the entire period that the women are observed causes a reduction of 8% in the probability
of being obese when they are adults between 26 and 31 years old. This simulation is useful
in terms of evaluating the potential that a strategy based on the encouragement of physical
activity has on the reduction of obesity prevalence. The average effect of the simulation is a
reduction of 8 percentage points in the prevalence of obesity. This is an important reduction,
considering that the real obesity prevalence rate for women is close to 35%.
Increase in Physical Activity Related Neighborhood Amenities In this simulation-
based exercise, I increase by one standard deviation a set of amenities that may encourage
female AddHealth respondents to perform positive levels of physical activity. The amenities
in this set include the square mileage of public community parks, the number of parks in
the neighborhood, the number of physical-activity-related facilities in the neighborhood that
individuals can use by paying a fee, and the number of physical-activity-related facilities in
the neighborhood for which some teaching and learning process is involved. Figure 4 shows a
comparison between the predicted obesity prevalence before the increase in amenities (A) and
the prediction after the increase in amenities (B).
The box presents the average effect of the simulation previously described for all female
respondents in the last wave of AddHealth. An increase of one standard deviation in the PA-
related amenities causes a reduction of almost 1 percentage point in the probability of being
obese when these women are adults between 26 and 31 year old. This reduction is significant
at 5% significance level.
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Figure 4: Simulated Effects of One Standard Deviation Increase in Amenities
6.4 Estimations Results of the Model for Men
6.4.1 Obesity Equation
In table 5, I present the results of the weight status estimation for the male sample. The
first panel contains the results of an individual logit. In the other specifications, the obesity
equation is jointly estimated with all other equations in the system as well as initial conditions.
In Specification 2, I use random sampling of the choice set of neighborhoods for the estimation
of the residential location equation. In Specification 3, I use aggregation of the categories into
type of neighborhoods for the estimation of the residential location equation. Both obesity
equations in the second and third panels include three permanent and three time-varying unob-
served heterogeneity parameters. Inclusion of additional unobserved heterogeneity parameters
(permanent and time-varying) did not improve the performance of the models in terms of a
significant reduction of the log likelihood function.
As in the case of females, lagged obesity is the main factor that explains the probability
of obesity for males. Previous period obesity increases by almost 70 percentage points the
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Table 5: Weight Status Estimation Results for Men
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probability of being obese in the present period. In the individual logit, as well as in the
jointly estimated specifications, physical activity is a significant factor in the reduction of the
probability of being obese, but only for men who perform intense PA. In specification 3, the
coefficient for intense PA is almost significant at 10% level, in the other cases the coefficient
is strongly significant. In all these cases, there is a reduction of almost 3 percentage points in
the probability of being obese. There is a small reduction in the coefficients of intense levels
of PA in Specification 2 and 3 in comparison with the PA coefficients of the independent logit,
especially in specification 3.
In comparison with the reference career-category, college-educated white collars workers,
only two careers increase significantly the probability of obesity, low-educated blue collar work-
ers and the low-educated white collars careers, however, in specification 3 the first one is not
significant either. Smoking has a negative and significant effect in the determination of obesity
for men that remains significant in the jointly estimated model. Obesity increases with age in
a non-linear way. Other exogenous variables (e.g. the dummy for married, and the dummy
for Hispanic ethnic background) significantly increase the probability of obesity. Being a first-
generation immigrant and parental education greater than bachelor significantly reduce the
probability of obesity in both the individual logit estimation and the jointly estimated model.
6.4.2 Input Equations Estimation Results for Men
In this subsection I present the estimation results of the three endogenous inputs that are
contemporaneously included in the obesity equation for men: physical activity, smoking, and
the number of fast-food meals per week. Table 6 shows the results of the physical activity
equation estimation. The results for the other two inputs appear in table 7. As before,
two specifications are presented in each table. Specification 1 is an independently estimated
multinomial logit. In Specification 2, the PA equation is jointly estimated with all other
equations in the system with random sampling of the choice set of neighborhoods.
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Physical Activity
The equation for physical activity (PA) is specified as a multinomial model with four categories
that are associated with different intensity levels of physical activity (PA): no physical activity
at all (1), one or two times per week (2), three to four times per week (3), and five or more
times per week (4). The reference category is the first one (no physical activity at all).
Previous obesity reduces the probability of performing low, medium, and intense PA. This
effect is significant in both of the specifications in table 6. There is a negative and significant
effect of previous smoking on the probability of performing intense PA levels. Previous practice
of PA increases the probability of PA in the present. For instance, individuals are more likely
to perform intense PA if their past PA level has been at all positive and especially if it has
been intense. In the jointly estimated model, the probability of intense PA increases by 12
percentage points for individuals who performed medium PA (3 to 4 times per week) during
the previous period, and 31 percentage points for those who performed intense PA during the
previous period. With the exception of students, almost all other careers significantly reduce
the probability of positive PA levels in comparison with the reference category, college-educated
white collar workers; however, highly-educated blue collar workers have a significant positive
effect in the probability of intense PA in comparison with the reference category. There is a
positive effect for African Americans in the probability of intense and madium PA and this
effect remain significant in the jointly estimated model. Being a first-generation immigrant
reduces the probability of intense PA by almost 6 percentage points. Similarly, being married
or cohabitating reduce the probability of all PA levels; this effect is significant after controlling
for unobserved heterogeneity in the jointly estimated model.
There is a significant reduction in the probability of intense PA with any additional chil-
dren younger than six which is significant after controlling for unobserved heterogeneity. The
probability of intense PA reduces with age; this reduction is significant even after controlling
for endogeneity. In summary, male respondents in AddHealth are significantly more likely
to perform intense PA during the current period if they did not smoke and if they practiced
medium or intense PA during the previous period. As before, this evidence suggests that
healthy behaviors in the past increase the probability of healthy behaviors in the present.
69
After controlling for endogeneity, two neighborhood-amenity variables have a positive and sig-
nificant effect in the probability of intense PA levels. The number of public-PA-related facilities
and the number of Fee required PA-related facilities in the neighborhood have a positive and
significant effect in the probability of intense PA.
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Smoking, Childbirth, and Fast Food Meals for Men
Table 7 presents the results of the estimation of the equations for the smoking decision and the
linear model for the number of fast-food meals. As before, two specifications are presented for
each equation. Specification 1 is the estimation of each equation separately, and Specification
2 represents each equation estimated jointly with all remaining equations in the system. Male
respondents in AddHealth are more likely to smoke regularly during the current period if they
smoked during the previous period; this probability also increase with the number of fast food
meals they reported. After controlling for unobserved heterogeneity, all of these relationships
remain significant. As with previous results, this seems to suggest that unhealthy practices
in the past explain current unhealthy lifestyles. For previous smokers there is an increment
of 47 percentage points in the probability of smoking. Compared to college-educated white
collar workers, except by students, all other careers have a significant positive impact in the
probability of smoking for men.
Some demographic variables have a negative effect upon the probability of smoking, even
after controlling for unobserved heterogeneity. The dummy variables for African American,
Hispanic, and first-generation immigrant are negative, which implies a reduction in the proba-
bility of smoking in comparison with the reference categories (white males and third generation
immigrants, repectively). There is a negative effect for married male respondents upon the
probability of smoking in comparison with single males; this effect is also significant in the
jointly estimated model. For separate or divorced males the effect is positive, however, which
significantly increases their probability of smoking. Male respondents are more likely to smoke
if they were observed at the beginning of the study in households with at least one step-parent
or a single father, compared to men who were observed at the beginning of the study with two
biological parents.
Male AddHealth responders consume more fast-food meals per week if they smoke, however,
this effect is not significant after controlling for unobserved heterogeneity. Previous consump-
tion of fast-food meals greatly explains current consumption. On average, African American
males consume more fast-food meals than white males do. Male respondents who still live
with their parents significantly consume more fast-food meals per week, whereas married and
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cohabiting males consume fewer fast-food meals per week on average. In addition, men whose
parents are college-educated consume fewer fast-food meals per week.
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6.5 Simulations and Fit of the Model for Men
6.5.1 Fit of the Model for Males
Using the procedure described in the introduction of subsection 8.3, I predict the male obesity
prevalence rate. Figure 5 presents the predictions and confidence intervals (at a 95% signifi-
cance level) of the obesity prevalence rate at all ages at which respondents are observed in the
AddHealth study. The green line represents the obesity prevalence rate estimated, averaged
through all bootstrap samples, for the jointly estimated model (Specification 2). The blue line
represents the obesity prevalence rate computed using the all the respondents in AddHealth
observed at any of the specific ages represented in the horizontal axis. The upper and lower
limits of the confidence intervals are represented by the black dotted lines. On average, the
model predictions of the male obesity prevalence rate are a bit higher than the observed preva-
lence rate for male AddHealth respondents. In general the model does a good job of capturing
the evolution of obesity prevalence.
Figure 5: Model Predictions of Male Obesity Prevalence
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6.5.2 Simulated Changes of the Obesity Prevalence Rate
In this section, I present changes in the male obesity prevalence that result from three sim-
ulation exercises (the same exercises that were presented for women). In the first exercise I
simulate the male obesity prevalence rate that would have resulted from a state of the world
in which all respondents perform high levels of physical activity when they are high school
students. In the second exercise, which is an extension of the first one, I simulate the male
obesity prevalence in a state of the world in which all respondents perform high levels of phys-
ical activity throughout their lives. In the last simulation I increase the availability of a set of
neighborhood amenities that have an effect upon increasing the probability of positive levels
of physical activity. Then I simulate the male obesity prevalence that would have resulted in a
state of the world in which these additional amenities are available for the male respondents.
Intense Physical Activity in High School Figure 6 shows a comparison between the
predicted obesity prevalence using the observed state of the world (A) and the prediction in a
state of the world where individuals perform high-level physical activity when they are in high
school (B). The blue line represents the unaltered prediction of the male obesity prevalence
rate, and the green line represents the prediction when all men are assumed to perform intense
PA during high school. As can be observed from the figure, the effect of intense PA in high
school implies a very small reduction of the probability of obesity for men.
The small box below contains a summary of these simulation results. This table presents the
average effect of the simulation previously described for all men in the last waive of Addhealth.
A generalized practice of intense PA during high school causes a reduction of 0.5 percentage
points in the probability of being obese when these men are adults between 26 and 31 years
old. This reduction is statistically significant.
Intense Physical Activity Throughout Adolescence and Young Adulthood Figure
7 shows a comparison between the predicted obesity prevalence using the observed state of the
world (A) and the prediction of a state of the world in which men perform high-level physical
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Figure 6: Simulated Effects of Intense Physical Activity in High School
activity throughout all years they are observed in the AddHealth study (B). The blue line
represents the unaltered prediction of the male obesity prevalence rate, and the green line
represents the prediction when all males in the sample are assumed to perform intense PA
constantly during the entire period. As can be seen in the figure, the effect of constant intense
PA implies an important reduction in the probability of obesity. The small box presents the
average effect of the simulation previously described for all male respondents in the last wave
of AddHealth. A generalized practice of intense PA during the entire period that men are
observed causes a reduction of 3.8 percentage points in the probability of being obese when
these men are adults between 26 and 31 years old. This reduction is strongly statistically
significant.
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Figure 7: Simulated Effects of Constant Intense Physical Activity
Increase in Physical Activity Related Neighborhood Amenities In this simulation-
based exercise, I increase by one standard deviation a set of amenities that may encourage the
male AddHealth respondent to perform positive levels of physical activity. The amenities in
this set are: the square mileage of public community parks, the number of physical-activity-
related facilities in the neighborhood that individuals can use by paying a fee, the number of
public physical-activity-related facilities in the neighborhood, the number of physical-activity-
related facilities in the neighborhood for which some teaching and learning process is involved,
and the number of outdoor physical-activity-related facilities in the neighborhood. Figure 8
shows a comparison between the predicted obesity prevalence before the increment in amenities
(A) and the prediction after the increment in amenities (B). The small box below contains
the average effect of the simulation previously described for all male respondents in the last
wave of AddHealth. An increase of one standard deviation in the PA-related amenities causes
a significant reduction of 1 percentage point in the probability of being obese when these men
are adults between 26 and 31 years old.
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Figure 8: Simulated Effects of One Standard Deviation Increase in Amenities
6.6 Remarks on the Validity of Exclusion Restrictions
In the estimated equations presented in the previous sections several variables were excluded
from the structural equation for weight status. These variables were included in other equations
of the system, most of them are neighborhood characteristics and local prices (i.e., variables
in vector Iit in equations 5.3 to 5.6). These variables play the role of exclusions restrictions
that contribute to the identification of the system. They are supposed to have only an indirect
impact on obesity through the effect they have on all other endogenous choices. One way to test
this assumption is using log-likelihood ratio test to test the hypothesis of jointly significance
of these variables in the reduced form equations for endogenous choices and in the structural
equation of weight determination. The null hypothesis of a log-likelihood ratio test is that
a subset of coefficients in the estimation is jointly equal to zero or Ho : β
E
1 = β
E
2 = ... =
βEh , where β
E is the coefficient for a generic exclusion restriction and there are h exclusion
restrictions in total. Under the null hypothesis the test statistics is 2(Lu − Lr), which is
distributed χ2 with h degrees of freedom, with Lu and Lr the loglikelihood values of the
unrestricted and restricted model respectively.
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The null hypothesis of jointly insignificance of the exclusions restrictions in all the endoge-
nous choice equations is strongly rejected for the models of women and men. In the case of
women the value of the log-likelihood function of the model presented in subsection 6.1.2 was
-90267, and the value of the log-likelihood function for a restricted model where all coefficients
of exclusions restriction are equal to zero was -90388. These values for the men’s estimation
were -78535 and -76317 respectively. With these values, and their respective degrees of free-
dom2 the null hypothesis of the test is rejected at very low p-values. From this I conclude
that all exclusion restrictions are important explanatory factors of the endogenous decisions.
In addition, I perform similar tests using the estimated models presented in the previous sub-
sections as restricted models and as unrestricted models specifications in which I included all
exclusion restrictions in the structural equation for obesity. For men and women I obtain that
the likelihood function does not reduces in the unrestricted model, therefore the null hypothe-
sis cannot be rejected at any reasonable level. I conclude from this that the excluded variables
are not important direct explanatory factors in the structural equation.
2There are a total number of 90 exclusion restrictions for women and 75 for men in the system.
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Chapter 7
Conclusion and Final Remarks
7.1 Conclusion
In this research I proposed a comprehensive model of weight status determination. The model
is estimated separately for a sample of female and male respondents in the AddHealth study.
In this model, weight status is modeled as a health outcome derived from a series of deci-
sions that are treated as endogenous. The endogenous decisions modeled in this research are
lifestyle decisions and major individual decisions. Lifestyle decisions represent the behavior of
the individuals with regard to practices that could directly or indirectly modify the biological
process through which weight status is determined. Among these lifestyle decisions, this re-
search places special emphasis upon physical activity, which is a measure of the intensity of
an individual’s energy expenditure during leisure time. Other lifestyle decisions modeled in
this dissertation are: the smoking decision, a proxy for food consumption, and (for women)
childbearing.
With regard to the major individual decisions, in this research I specifiy econometric models
for residential location decisions, in terms of the neighborhood in which an individual decides to
live, and career-related decisions, in terms of a set of categories that summarize the individual’s
main activity or occupation. I incorporate the residential location decision into the system as
a way for controlling for the endogenous nature of the neighborhood characteristics. These
characteristics capture neighborhood amenities and facilities that presumably may encourage
healthier individual behaviors, in particular the practice of physical activity. Career-related
decisions are incorporated into the model because the individual’s occupation is an endogenous
factor that may determine weight status in several different ways. The complete system is es-
timated by full information maximum likelihood methods; a discrete semi-parametric random
effects methodology was used to control for permanent and time-varying unobserved hetero-
geneity.
Obesity depends highly on an individual’s weight status history. Previous obesity is by
far the most important factor that explains obesity in a given period. This evidence seems to
support the hypothesis that state dependence is more important than observed and unobserved
heterogeneity in explaining obesity. For both sexes, this research found that previous obesity
increases the probability of current obesity by close to 70 percentage points. The estimated
models predict that once an individual is obese, that state is difficult to leave. This is an
important conclusion because the prevention of obesity, especially child or teenage obesity,
would clearly be the most efficient strategy.
This research provides evidence that one of the most important strategies for reducing
obesity prevalence rate within a generation is the encouragement of physical activity (PA).
This is especially true for females, for whom the obesity prevalence rate in 2008 was almost
36% (substantially higher than for their male counterparts). However, not all types of PA are
significant in the reduction of the probability of obesity. In the case of women, after controlling
for the endogeneity of the PA, only intense physical activity (at least five times per week) was
significant in the reduction of the probability of obesity. Intense physical activity implies a
significant reduction of 4.5 percentage points in the probability of being obese. In the case of
men, intense physical activity significantly reduced significantly the probability of obesity by
3 percentage points.
The model predicts a sizable reduction in adult obesity as a result of a continuous practice
of intense physical activity, and this reduction is stronger for women. For example, in a
simulated scenario in which all observed women perform intense physical activity continuously
throughout their lives, the obesity prevalence rate was 8 percentage points lower than the model
predicted with the observed decisions. This is a reduction of almost 30% in the proportion
of obese women in the U.S. as predicted by the model. It is, in a sense, an upper bound on
the potential impacts of a policy of PA encouragement. In the case of men, in the simulated
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scenario in which all observed men perform intense physical activity continuously throughout
their lives, the obesity prevalence rate was 4 percentage points lower than the model predicted
with the observed decisions.
The beneficial effects of PA seem to remain throughout individuals’ lives. In another
exercise in this dissertation, I simulate a situation in which all women and men perform intense
physical activity while they are in high school. As a result of this change in their behavior, the
obesity prevalence rate of adult women (26–31 years old) was reduced significantly by more
than 1 percentage point. In the case of adult men there was a significant reduction of 0.5
percentage points in the obesity prevalence derived from intense physical activity during high
school.
An important part of this research is testing the role that neighborhood characteristics
play in the encouragement of PA. This is done in a framework in which the residential location
decisions are explicitely modeled. Modelling the residential location is important because it
controls for the endogeneity of neighborhood chracteristics and amenities. Using the econo-
metric framework previously described, I find evidence of a small but significant effect of
neighborhood amenities on the reduction in obesity prevalence for men and for women. The
small magnitude of this effect, in part, is due to the fact that after controlling for the endo-
geneity of these variables in the physical activity multinomial model, most of them are not
statistically significant. In the jointly estimated the model for women only one neighborhood
amenity significantly increases the probability of medium and intense physical activity. This
variable is the square mileage of public parks. In the case of men, two neighborhood amenities
significantly increase the probability of intense PA: public and fee-required PA-related neigh-
borhood facilities. Nevertheless, in a simulation exercise in which I increase in one standard
deviation the availability of several neighborhood amenities, including the ones previously
mentioned, the model predicted a reduction of 1 percentage point in the obesity prevalence
rate for adult men and women. This reduction is significant in both cases.
The econometric framework that I propose in this research in order to deal with the endo-
geneity of neighborhood amenities is a contribution to the literature by itself. There have been
no previous attempts at modeling the residential choice in the literature on obesity. In future
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research I plan to explore the implications of not modeling the residential location decision in
models like the presented in this research, where the hypothesis of interest is the influence of
neighborhood characteristics on obesity.
What determines the probability of obesity? Using the evidence collected from this
research I assess what factors contribute to an increase in the probability of obesity and what
factors may be the base for good strategies for obesity reduction. In the case of women,
from the set of endogenous variables considered in the model, only intense physical activity
is a factor that determines significant changes in the probability of obesity. Smoking, fertility
and the consumption of fast food meals are not significant factors in the obesity equation
estimated in this model. Considering the evidence provided in this research, the hypothesis
that smoking has an effect on female obesity is rejected by the model. The model also rejects
the hypothesis that having at least one childbirth during the period between two AddHealth
waves increases the probability of obesity. One of the limitations of this research is the lack
of a better measure for diet or caloric intake. The proxy that I used here was the number of
fast food meals during the week. This variable is not significant in the obesity determination
equation, and its marginal effect in the determination of the probability of obesity is negligible.
By far, the main factor determining obesity for women is previous obesity. The probability
of obesity increases (non-linearly) with age. Conditional on high educational achievements,
occupational choice between white/blue collar jobs is not a factor determining obesity. In
comparison with college-educated females, other career definitions that involves lower educa-
tional achievements increase the probability of obesity. These effects are significant in one
of the jointly estimated specifications. Additional exogenous factors increase significantly the
probability of obesity. For African-American females, everything else constant, the probability
of obesity is higher in comparison with white females. Similarly, married females and women
coming from single-mother households have higher probability of being obese as well. Some in-
dividual characteristics such as having parents with high educational achievements are factors
that significantly decrease the probability of obesity for female responders of AddHealh.
As in the case of females, lagged obesity is the main factor that explains the probability
86
of obesity for males. In addition, the probability of obesity increases (non-linearly) with age.
Two endogenous factors have significant negative effects in the probability of obesity: intense
physical activity and smoking. Contrary to the case of women, for men the model supports the
hypothesis that smoking is a factor that reduces the probability of obesity. Fast food meals
have a positive effect on obesity, but it is not significant. Conditional on high educational
achievements blue collar workers have a higher obesity probability, however, this effect is not
significant in one of the jointly estimated specifications. On the other hand, conditional on
being a white collar worker, low educational achievements increases significantly the probability
of obesity. Individual characteristics such as being a first generation immigrant or having
parents with high educational achievements reduce significantly the probability of obesity.
Other factors such as being married or Hispanic ethnic background increase the probability of
obesity.
Evidence from simulation exercises suggests that the effect of a generalized practice of
intense PA during the entire period that the women and men are observed causes a very im-
portant reduction in the probability of being obese when they are adults between 26 and 31
years old. These reductions are 4 and 8 percentage points for men and women respectively.
The encouragement of intense PA when individual are in high school causes a small significant
reduction of the obesity prevalence rate for adult women and men. An increase in PA-related
amenities could also help in the reduction of obesity prevalence. From simulation-based exer-
cises I observe a small but significant, reduction in the obesity prevalence rate for adult man
and women derived from an increase in a set of PA-related amenities.
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Appendix A: Unobserved Heterogeneity Parameters
Table A1: Unobserved Heterogeneity Parameters for Women’s Equations
Table A2: Unobserved Heterogeneity Parameters for Men’s Equations
88
Appendix B1. Residential Location Model for Women
Table B1: Residential Location Model for Women
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Appendix B2. Residential Location Model for Men
Table B2: Residential Location Model for Men
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Appendix B3. Residential Model Conditional Component
Table B3: Residential Model Conditional Component
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Appendix C1. Career Related Decision Model for Women
Table C1: Career Related Decision Model for Women
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Table : Career Related Decision Model for Women (Continued from Previous Page)
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Appendix C2. Career Related Decision Model for Men
Table C2: Career Related Decision Model for Men
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Table : Career Related Decision Model for Men (Continued from Previous Page)
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Appendix D. Neighborhood Characteristics
Table D: Neighborhood Characteristics
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Appendix E. Clusters for CRD
Table E: Cluster for CRD Summary Statistics
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Appendix H. Initial Conditions Estimation Results for Men
Table H: Initial Conditions Estimation Results for Men
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